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ABSTRACT 
 
Brian Louis Levy: Neighborhood Disadvantage and Wellbeing Across the Life Course 
(Under the direction of Kathleen Mullan Harris) 
 
 
This dissertation investigates neighborhood effects on educational, behavioral, and 
economic outcomes from childhood to middle adulthood. Using data from the National 
Longitudinal Surveys, I combine several recent methodological developments to estimate 
neighborhood effects that have a firmer basis for causal conclusions than past research. The first 
study finds that long-term residence in (dis)advantaged neighborhoods has a strong impact on 
wealth accumulation and is a key driver of the racial wealth gap. The second study observes that 
neighborhood exposures have important consequences for income at middle adulthood, 
especially at the top of the income distribution. Social capital in the form of job contacts is a 
potentially important mechanism for neighborhood effects. The third study concludes the 
neighborhood disadvantage has negative effects on academic achievement and educational 
attainment, whereas neighborhood collective efficacy reduces behavioral problems. In addition 
to providing stronger justification for causal conclusions and shedding new light on 
neighborhood effects on under-studied outcomes (e.g., wealth and college graduation), this 
dissertation makes several other important contributions to the sociological literature on 
neighborhoods. Integrating a life course perspective, I analyze neighborhood effects in 
adulthood, which is an under-studied period, and explore pathways for effects. I also investigate 
theoretically-relevant mechanisms for neighborhood effects, as well as effect heterogeneity by 
salient demographic characteristics.
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CHAPTER 1. INTRODUCTION 
Analyses of community and neighborhood effects on wellbeing date back to the early 
decades of sociological research. Robert Park (1925) offered one of the first assessments of how 
social context affects life chances. In his analysis of delinquency, Park argued that community is 
more important than family or individual nature in producing delinquency. Specifically, 
communities that support their residents’ pursuits of economic and social aspirations are much 
more successful in socializing individuals toward behaviors that facilitate those ends than 
communities that do not offer such an environment. The latter are more likely to lead to 
delinquency. Racial segregation is another notable feature of community organization. In one of 
the earliest sociological studies, Du Bois (1899) documented spatial segregation between blacks 
and whites in Philadelphia. This problem was widespread and persistent across the United States 
(e.g., Myrdal 1944), and the Kerner Commission implicated the combination of racial 
segregation and depressed economic opportunities as fuel for the 1960s race riots (National 
Advisory Commission on Civil Disorders 1968). 
More recently, Wilson (1987) stimulated a renewed interest in neighborhood effects with 
his assessment of how the exodus of the black middle class from central cities joined with 
deindustrialization to produce an underclass that was isolated and lacked economic opportunity. 
This isolation, he argued, led to declines in public institutions, increasing social disorganization, 
and rising unemployment, single parenthood, and welfare receipt. Although Wilson (1978, 1987, 
1996) explicitly prioritizes economic class and structural transformations in the economy as 
causes for the rise of the underclass, other researchers highlight racism and residential 
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segregation as important causal factors. Massey and Denton (1993) contend that although 
economic transformation produced the conditions for impoverished, spatially isolated 
neighborhoods, racial residential segregation was necessary to create persistently poor 
communities that maintain racial inequality in America. Moreover, Pattillo-McCoy (1999) finds 
that children of middle-class black families who left the urban core increasingly face tenuous 
economic conditions themselves as deindustrialization eventually took many of the jobs that 
adults had used for upward mobility. Living in segregated neighborhoods that are proximal to 
more disadvantaged, predominantly black neighborhoods, the black middle class occupies a 
space – both geographic and social – in between disadvantaged blacks and middle class whites. 
Regardless of the primary cause, Wilson, Pattillo-McCoy, Massey, and Denton all agree that 
neighborhoods exert an important influence on their residents. 
The rise in research on neighborhood effects following Wilson (1987) produced a bevy of 
analyses examining the relationship between neighborhood disadvantage and several domains of 
wellbeing. A long literature finds a positive relationship between neighborhood advantage and 
educational achievement and attainment, particularly at the primary and secondary school levels 
(e.g., Ainsworth 2002; Crowder and South 2003; Duncan et al 1997; Ensminger et al 1996; 
Entwisle et al 1994; Garner and Raudenbush 1991; Halpern-Felsher et al 1997). In addition, 
disadvantaged neighborhoods are associated with substance use, risky behaviors, delinquency, 
and criminal involvement among youth (Leventhal and Brooks-Gunn 2000; Sampson et al 2002). 
Less research examines neighborhood effects later in the life course (Ellen and Turner 1997; 
Sharkey and Faber 2014), but scholars have documented an important association between 
disadvantaged neighborhoods and income in adulthood (Corcoran et al 1992; Datcher 1982; 
Holloway and Mulherin 2004; Osterman 1991; Vartanian 1999). 
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Despite the strong results from these studies, researchers remained concerned about the 
causal nature of any neighborhood effects. In their review of the literature, Jencks and Mayer 
(1990) highlight several examples of neighborhood endogeneity that are critical threats to 
causality for observational research. Foremost, they note that family characteristics (e.g., 
income) can determine both the neighborhoods where individuals live and their socioeconomic 
outcomes, describing this issue as “perhaps the most fundamental problem confronting anyone 
who wants to estimate neighborhoods' effects on children” (Jencks and Mayer 1990, p. 119). 
Even when families move between neighborhoods, differences in individuals’ outcomes that are 
correlated with duration of exposure to a neighborhood cannot be completely attributed to the 
neighborhood because family characteristics likely changed to cause such a move. 
These concerns led researchers to seek out experimental or quasi-experimental designs 
offering stronger controls for neighborhood endogeneity. One quasi-experimental technique to 
control family selection effects with observational data is family fixed effects modeling using 
sibling pairs. Unfortunately, this technique has received limited application and produced 
equivocal results. Two studies (Aaronson 1998; Plotnick and Hoffman 1999) use family fixed 
effect models but draw opposing conclusions regarding neighborhood effects on educational 
attainment. In addition, whereas Vartanian and Buck (2005) find significant neighborhood 
effects on income in adulthood, Eriksson and colleagues (2016) argue that neighborhoods 
explain little of the sibling correlation in criminal behavior. 
Two social experiments also afforded researchers the opportunity to estimate plausibly-
causal impacts of treatments that change neighborhood conditions on life chances. Established in 
the late 1970s in response to a Supreme Court decision on housing desegregation, the Gatreaux 
Assisted Housing Program offered Chicago public housing residents Section 8 vouchers to move 
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to private apartments. The nonprofit Leadership Council for Metropolitan Open Communities 
assigned movers to a neighborhood based on housing availability, essentially randomly assigning 
families to neighborhoods. Gautreaux yielded substantial benefits for movers to relatively-
advantaged suburban neighborhoods, especially children (Rosenbaum 1995). Unlike Gautreaux, 
the Moving to Opportunity for Fair Housing Demonstration Program (MTO) established in the 
late 1990s used the gold-standard randomized control trial design. MTO randomly assigned 
participants in highly impoverished neighborhoods of five large cities to either receive vouchers 
to move out of their neighborhood (treatment group) or not receive assistance but still remain 
eligible for government services (control group). MTO results were generally underwhelming 
and produced few impacts on educational or economic outcomes (Orr et al 2003; Sanbonmatsu et 
al 2011). These null findings led some social scientists to discount the association between 
neighborhood conditions and economic outcomes as caused by selection effects (Ludwig et al 
2008; Ludwig et al 2013). 
Other social scientists remain skeptical of this conclusion. MTO produced only a short-
term change in neighborhood quality as many participants quickly returned to high-poverty 
neighborhoods (Clampet-Lundquist and Massey 2008) or moved to neighborhoods on a 
downward trajectory (Sampson 2008). Besides the short-term changes in neighborhood poverty, 
MTO also produced few changes in other measures of neighborhood quality. Most of the MTO 
movers relocated into neighborhoods with high levels of racial segregation (Clampet-Lundquist 
and Massey 2008), as well as low levels of social cohesion, social control, and organizational 
participation and high levels of violence and disorder (Sampson 2008). Further emphasizing the 
importance of duration of exposure to disadvantaged neighborhoods, recent research from Chetty 
and colleagues (2016) suggests that MTO improved educational and economic outcomes for 
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children under age 13 but depressed outcomes for children over age 13, and these countervailing 
results lead to overall null findings.  
Ultimately, an important finding from MTO might be that estimating the effect of 
neighborhood disadvantage on life chances is challenging regardless of statistical methodology, 
and random assignment experiments are not prima facie superior to observational analyses. 
Creating large, long-lasting changes in neighborhood quality for participants in an experiment is 
difficult. The disruptive effects of changing neighborhoods, such as breaking social ties and 
losing informal support, might offset any benefits of the new neighborhood. As a result, 
observational research remains important in determining the role of neighborhoods in life 
chances (Sampson 2008; Sampson 2012). 
A new generation of studies are leveraging long-running panel datasets and novel 
statistical methods to examine how prolonged exposure to disadvantaged neighborhoods is 
related to life chances. Using the Panel Study of Income Dynamics (PSID), several scholars are 
estimating inverse-probability-of-treatment-weighted marginal structural models (IPTW MSMs) 
of neighborhood effects. These models relax assumptions of conventional regression models, 
provide a firmer basis for causal conclusions, and permit estimation of the impact of prolonged 
neighborhood exposures (Sampson et al 2008; Sharkey and Elwert 2011; Wodtke et al 2011). 
Findings reveal strong relationships between long-term neighborhood disadvantage and 
educational outcomes (Sampson et al 2008; Sharkey and Elwert 2011; Wodtke et al 2011), 
teenage pregnancy (Wodtke 2013), and mortality risk (Do et al 2013). Although these models 
offer an improvement on traditional analytic techniques, they continue to make the relatively-
strong assumption of no unmeasured confounding without using a fixed effects specification to 
account for time-invariant selection effects. 
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Chetty and Hendren (2016-a) revive the family fixed effects model by using statistically-
powerful federal tax return data from 1996-2012 to set up a quasi-experiment that compares 
siblings with different durations of exposure to county-level (dis)advantage. Studying siblings 
whose families have income in the bottom quartile of the U.S. distribution, they find a linear, 
positive, and strong relationship between length of exposure to advantaged economic conditions 
during childhood and positive economic outcomes in emerging adulthood. Not only do their 
results provide further evidence for the duration hypothesis, but they also conclude that a quasi-
experimental approach can approximate findings from a random-assignment study.  
Although data from tax returns offer a rigorous statistical framework to control for both 
observable and unobservable family selection effects, they are limited in at least two ways. First, 
data restrictions require the researchers to operationalize neighborhoods as counties or 
commuting zones. These levels of analysis force much greater aggregation of social context than 
is common in neighborhood effects research, which can lead to under-estimation of true 
neighborhood effects (Hipp 2007). Second, the tax-return data lack a rich set of individual 
covariates to control for time-varying neighborhood selection variables; the IPTW MSMs 
estimated using the PSID offer superior time-varying controls. In sum, neither social experiments 
nor non-experimental analyses have yet to provide definitive insight into the extent to which 
neighborhoods affect life chances. Instead, current research allows only qualified conclusions 
regarding neighborhood effects on several dimensions of wellbeing. 
The present research addresses these limitations and sheds new light on neighborhood 
effects by drawing on under-utilized data from the National Longitudinal Surveys (NLS). Only 
two studies have used data from the NLS to explore neighborhood effects, and both used data 
from the NLSY Child and Young Adult (CNLSY79) sample (Alvarado 2016-a; Alvarado 2016-
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b). This research uses data from the National Longitudinal Survey of Youth-1979 Cohort 
(NLSY79), National Longitudinal Survey of Youth-1997 Cohort (NLSY97), and CNLSY79 to 
estimate IPTW MSMs of neighborhood effects on key educational, behavioral, and economic 
outcomes from childhood to middle adulthood. Moreover, it leverages the long-running panels 
and large sample of siblings to estimate fixed effects IPTW MSMs that control for potential 
unobserved confounding. 
In addition to leveraging under-used data and joining recent statistical developments, this 
research integrates a life course perspective with research on neighborhood effects. A growing 
literature in social epidemiology takes a life course perspective to study distinct pathways of 
effects across individuals’ lives (e.g., Bauldry et al 2012; Kuh et al 2003). This literature 
highlights different ways that variables like socioeconomic status, social context, and health 
behaviors can influence overall health, including sensitive periods for exposure, chains of risk, 
and risk accumulation. These pathway-style models have yet to be considered in the literature on 
neighborhood effects, despite the observation that (dis)advantaged neighborhoods may have their 
strongest impacts several years after an individual lives in them (Sampson et al 2008). Not only 
do I consider the life course pathways for neighborhood effects, but I also explore whether 
neighborhood effects vary by age (Ellen and Turner 1997; Sharkey and Faber 2014). Recent 
analyses find that adolescence is a sensitive period for neighborhood effects on outcomes at the 
transition to adulthood (Wodtke 2013; Wodtke et al 2016), but additional research on this topic is 
warranted. 
Finally, this research responds to recent calls for greater attention to heterogeneity and 
mechanisms of neighborhood effects (Harding et al 2011; Sharkey and Faber 2014). The 
literature is beginning to show that neighborhood effects are not uniform. Instead, neighborhood 
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effects on life chances vary by salient demographic characteristics like race, class, gender, and 
age (e.g., Clampet-Lundquist et al 2011; Sharkey and Elwert 2011; Wodtke 2013; Wodtke et al 
2011; Wodtke et al 2016). I explicitly integrate the exploration of such theoretically-salient 
heterogeneity into the design of this research. Moreover, I use available data to investigate 
theoretical mechanisms for neighborhood effects. During childhood, neighborhood processes 
like collective socialization (Wilson 1987), collective efficacy (Sampson 2012), and epidemic 
peer effects (Crane 1991) are commonly thought to drive neighborhood effects. Later in the life 
course, neighborhood social disorder (Wilson 1996) or social capital such as job contacts (Elliott 
2000; Mouw 2002) are potential mechanisms for neighborhood effects.  
This research proceeds as follows. Chapter Two presents a study analyzing how living in 
a disadvantaged neighborhood affects wealth accumulation and what role neighborhoods have in 
the racial wealth gap. Previous research finds that neighborhoods are related to educational 
attainment, employment, and income, but no research analyzes whether or how neighborhoods 
affect wealth. This study fills that gap. Using a sample of 7,300 individuals from the restricted-
use NLSY79 and a counterfactual estimation strategy designed to yield causal conclusions, I 
analyze the effect of prolonged exposure to disadvantaged neighborhoods from adolescence 
through middle adulthood. Neighborhoods have a dramatic effect on wealth, and racial 
disparities in neighborhood disadvantage explain the majority of the racial wealth gap. 
Neighborhood effects operate through a chain of risk with accumulation across the life course; 
early neighborhood effects are mediated through subsequent neighborhood exposures, and as 
prolonged exposure to disadvantaged neighborhoods accumulates, wealth at age 50 decreases 
further. A structural equation model confirms that personal home values mediate a sizeable 
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portion of neighborhood effects on wealth. These findings highlight neighborhoods as a key 
driver of wealth inequality and the racial wealth gap in the United States. 
Chapter Three presents a study of neighborhood effects on income from adolescence to 
middle adulthood using the NLSY79 and NLSY97. Adulthood is an under-studied period of the 
life course for research on neighborhood effects, and income is a key measure of wellbeing for 
most Americans. I estimate unconstrainted quantile regression models of income to investigate 
how neighborhood effects vary across the income distribution. Individual fixed effects control 
for unobserved confounding between individuals, and IPTWs with MSMs and adjustment for 
baseline neighborhood and income characteristics provide potentially-causal estimates. 
Neighborhood disadvantage has important, but highly variable, effects on income. For both 
cohorts, contemporaneous neighborhood disadvantage during early adulthood is negatively 
related to income for individuals at the bottom and middle of the income distribution. 
Relationships for the two cohorts diverge at the top of the distribution. As the NLSY79 cohort 
matures into adulthood, cumulative neighborhood disadvantage exacts a sizeable toll. Effects are 
strongest at the top of the income distribution, and whites and males have the largest payoffs to 
living in advantaged neighborhoods. Social capital in the form of job contacts emerges as a 
potentially important aspect of neighborhood effects. Results are not in line with spatial 
mismatch and social disorder perspectives. 
Chapter Four presents a study using data from the CNLSY79 and IPTW MSMs to 
analyze neighborhood effects on educational and behavioral outcomes early in the life course. 
Neighborhood disadvantage is negatively related to math and reading achievement, high school 
graduation odds, and college graduation odds. Neighborhood disadvantage is unrelated to 
behavioral problems, but neighborhood collective efficacy is associated with fewer behavioral 
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problems. Neighborhood effects on educational outcomes are strongest for whites, especially 
white males. Effects on high school and college graduation odds operate through a chain of risk 
with trigger. Neighborhood disadvantage in early childhood affects graduation odds through its 
impacts on subsequent neighborhood conditions and their sequelae. This study provides a 
stronger basis for causal conclusions by combining IPTW MSMs with a family fixed effects 
design using sibling pairs. 
Chapter Five concludes by highlighting key findings, limitations of this research, and 
considerations for future research. Taken together, these studies demonstrate that neighborhoods 
have strong, likely causal, relationships with economic, educational, and behavioral outcomes 
across the life course. Moreover, neighborhood conditions at one stage of the life course have 
important implications for subsequent life stages. These effects are not uniform, and whites, 
especially white males, are most likely to benefit from living in advantaged neighborhoods. 
Ultimately, inequalities in neighborhood conditions will have long-term effects on wellbeing and 
remain an important aspect of stratification in America. 
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CHAPTER 2. WEALTH, RACE, AND PLACE: HOW NEIGHBORHOOD 
DISADVANTAGE FROM ADOLESCENCE TO MIDDLE ADULTHOOD AFFECTS 
WEALTH INEQUALITY AND THE RACIAL WEALTH GAP AT AGE 50 
 
Wealth is a critically important benchmark of wellbeing and future life chances. It plays a 
key role in diverse outcomes like educational attainment, economic success, health, and 
intergenerational mobility (Boen and Yang 2016; Conley 1999; Shapiro 2006). More generally, 
it serves as both a safety net during negative economic shocks like job loss and a means for 
getting ahead (Shapiro 2006). For these reasons, many researchers consider wealth the “sine qua 
non indicator of material wellbeing” (Oliver and Shapiro 2006). In addition, wealth is one of the 
most unequally distributed resources in the United States, and this inequality increased during 
the Great Recession (Saez and Zucman 2016). Perhaps unsurprisingly then, wealth inequality has 
risen in salience recently (Keister 2014). 
Since Oliver and Shapiro’s landmark study (1995), researchers also recognize wealth as a 
prominent aspect of racial inequality in the United States. Black Americans own less than ten 
cents of wealth for every dollar owned by whites (Oliver and Shapiro 2006), and the figure is not 
much better for Hispanic Americans (Kochhar et al 2011). The same safety net and mobility-
fueling functions that make wealth important generally also make it critical to racial stratification 
(Shapiro 2006). Wealth explains racial disparities in outcomes like educational attainment and 
welfare receipt (Conley 1999). Unlike some other economic measures of racial disparity (e.g., 
income and poverty), the racial wealth gap has remained wide and persistent over American 
history (Oliver and Shapiro 2006). 
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Scholars have explored many potential causes of the racial wealth gap, but empirical 
analyses often leave a sizeable portion unexplained (Campbell and Kaufman 2006; Herring and 
Henderson 2016; Oliver and Shapiro 1995). One potential explanation that has yet to be tested is 
differences in the characteristics and quality of the neighborhoods in which people live. In fact, 
to date I am aware of no analysis of neighborhood effects on wealth accumulation – either 
generally or with a focus on the racial wealth gap. Homes are a key source of wealth for many 
Americans (Oliver and Shapiro 1995; Shapiro 2006). The pronounced residential segregation by 
race (Charles 2003; Massey and Denton 1993) and class (Bischoff and Reardon 2014) is, at the 
very least, suggestive that neighborhoods could affect wealth accumulation. This effect might 
operate directly through differences in the accumulation of home equity (Shapiro 2004) or 
indirectly through neighborhood effects on educational attainment, employment, income, or 
other factors driving wealth accumulation (Casciano and Massey 2012-b; Chetty et al 2016; 
Vartanian and Buck 2005; Wodtke et al 2011). 
This study analyzes neighborhood effects from adolescence through middle adulthood on 
wealth accumulated by age 50. I use the Longitudinal Tract Database (LTDB) to merge 
neighborhood characteristics tabulated from decennial censuses to the restricted-use National 
Longitudinal Survey of Youth-1979 Cohort (NLSY79). Taking a life course perspective (Elder 
1998; O’Rand 1996), I explore how prolonged exposure to (dis)advantaged neighborhoods 
across several decades affects the wealth an individual will accumulate. In addition, I test 
whether there are sensitive periods for exposure, pathways of accumulation, or chains of risk. 
Throughout, I maintain a sharp focus on racial disparities, analyzing not only how 
neighborhoods affect wealth generally but also what role they play in explaining the racial 
wealth gap. 
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This research makes five contributions to the literatures on neighborhood effects and 
racial inequality. First, it examines neighborhood effects on wealth, which is a critically-
important outcome for life chances that has yet to be studied in the literature on neighborhoods. 
Second, I use a long-running panel data set to examine neighborhood effects at an under-studied 
portion of the life course – adolescence through middle adulthood. Third, whereas most studies 
have focused on short-term neighborhood effects, this research complements a small but growing 
body of research analyzing long-term effects of neighborhood context (Sharkey and Elwert 2011; 
Wodtke et al 2011; Wodtke et al 2016). Fourth, this research explores effect mechanisms and 
heterogeneity (Sharkey and Faber 2014) by analyzing how, when, and for whom neighborhoods 
affect wealth. Fifth, I apply the strongest research design for estimating causal effects with 
observational data and provide the first estimates of neighborhood effects using a continuous 
treatment variable with this approach. Researchers have estimated counterfactual models using 
inverse probability of treatment weights with marginal structural models to analyze 
neighborhood effects on children and adolescents, but they have not yet used these techniques to 
analyze neighborhood effects on adults. 
Wealth Inequality in America 
Wealth inequality is extreme in the United States. Although income inequality has risen 
quite dramatically, wealth disparities continue to far outpace income disparities. The top 0.1 
percent of wealth holders own roughly 22 percent of all wealth (Saez and Zucman 2016), which 
is the same share of income earned by the top one percent of income earners (Piketty and Saez 
2003). By this and other measures, wealth remains far more concentrated than income. 
Current wealth inequality represents a peak in the recent history of the United States. 
Presently, the top one percent of households own 37 to 42 percent of all wealth. (Saez and 
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Zucman 2016; Shapiro et al 2013; Sullivan et al 2015). In comparison, following World War II, 
the top one percent’s share of wealth steadily declined from roughly 30 percent to 23 percent 
(Saez and Zucman 2016). Moreover, depending on the metric, wealth inequality during the 
Roaring Twenties – the height of inequality during the 20th century – either slightly outpaced 
contemporary inequality (Saez and Zucman 2016) or actually hovered just below current levels 
(Keister and Moller 2000). By any standard, current wealth inequality is striking. When 
considering the wealth holdings of the super-rich (top 0.01 percent), however, the distinction of 
contemporary inequality is apparent. Today the super-rich own 11 percent of all wealth, which is 
higher than during the Roaring Twenties and equivalent to the highest measured peak of their 
wealth in 1916 (Saez and Zucman 2016). 
There is a growing literature on the determinants of wealth inequality. Broadly, 
explanations fall into two groups: macro-level (structural) and micro-level (individual and 
family) factors. Structural contributors include housing and stock market fluctuations, as well 
public policies regarding assets and taxes. Individual drivers include age, race, family structure, 
educational attainment, income, and inheritance (Keister and Moller 2000). An analysis of 
households from thirteen European countries, Israel, the United Kingdom, and the United States 
finds that income and inheritances are the strongest predictors of accumulated wealth (Semyonov 
and Lewin-Epstein 2013). Two recent reviews offer further insight into the determinants of 
wealth inequality (Keister 2005; Keister and Moller 2000). Notably absent from the research on 
wealth accumulation, however, are meso-level factors like neighborhood conditions. 
As is the case with wealth inequality generally, the racial wealth gap is also substantial 
and well-documented (Conley 2010; Oliver and Shapiro 1995). In 2009 at the close of the Great 
Recession, median household wealth of whites was 20 times that of blacks and 18 times that of 
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Hispanics (Kochhar et al 2011). The wealthiest 100 households in America have as much wealth 
as all black Americans plus one-third of Hispanics combined (Collins and Hoxie 2015). The gap 
continues to widen. Whereas the black-white ratios of income and poverty were stable or 
declined modestly over the past several decades (Dimock et al 2013), the black-white wealth gap 
has grown (Kochhar et al 2011). 
The determinants of the racial wealth gap vary from the determinants of general wealth 
accumulation. Racial inequalities in wealth are linked to discriminatory public policies (Conley 
2010; Oliver and Shapiro 1995) that have “systematically prevented [black Americans] from 
accumulating property” (Conley 1999, p. 611). Home ownership is foundational for wealth 
accumulation, and disparities in the rate and duration of ownership account for a large portion of 
the racial wealth gap (Kochhar et al 2011; Oliver and Shapiro 1995; Shapiro 2006; Shapiro et al 
2013). In fact, equalizing racial disparities in income or educational attainment would have much 
less of an impact on the racial wealth gap than equalizing rates of homeownership (Sullivan et al 
2015). Even when racial minorities do own homes, however, they have less equity and receive a 
lower equity payoff to various socioeconomic characteristics than do whites (Krivo and Kaufman 
2004). Perhaps unsurprisingly, then, racial inequality in housing wealth has increased over the 
past several decades (Di 2005). Still, despite the important role of assets, as well as educational 
attainment (Keister 2000), previous analyses incorporating a range of individual-level variables 
cannot fully explain the racial wealth gap (Campbell and Kaufman 2006; Herring and Henderson 
2016; Oliver and Shapiro 1995). For a new potential explanation, I turn to a key meso-level 
feature of families’ homes – the neighborhoods in which they sit. 
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Residential Segregation 
The United States has a long history of residential segregation by race (DuBois 1899; 
Myrdal 1944). Observable as far back as the 19th century, segregation has waned only somewhat 
and remains a persistent problem today (Lee et al 2014; Logan et al 2015; Logan et al 2004; 
Massey and Denton 1993). The spatial patterns of segregation vary by region (Grigoryeva and 
Ruef 2015), but there is clear concentration of nonwhite, particularly black, Americans in less-
advantaged neighborhoods (Charles 2003; Intrator et al 2016). This segregation results from 
historical inequalities (Sharkey 2013), ongoing discrimination in the mortgage and housing 
search processes (Fischer and Lowe 2014; Pager and Shepherd 2008; Rugh and Massey 2010), 
and the preference of whites for neighborhoods with few nonwhite residents (Krysan et al 2009). 
Unlike racial segregation, class-based residential segregation has emerged as an 
important feature of spatial sorting more recently. Income segregation increased during each 
decade from 1970 to 2010, and the largest increase occurred in the past ten years (Bischoff and 
Reardon 2014; Jargowsky 1996). Class-based segregation is particularly salient for two specific 
populations: families with children and racial and ethnic minorities. Not only do families with 
children experience higher levels of income segregation than families without children, but only 
the former experienced increases in income segregation from 1990 to 2010 (Owens 2016). 
Meanwhile, low-income blacks and Hispanics are often segregated into the most disadvantaged 
neighborhoods (Jargowsky 1996). Together, race and class constitute the two key features of 
contemporary neighborhood segregation (Lee et al 2015). 
These spatial sorting patterns suggest that neighborhoods could matter greatly for wealth 
accumulation. David Rusk (2001) proposes the idea of a “segregation tax” – that populations 
experiencing residential segregation receive less of a return for home ownership. Shapiro (2004) 
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further develops this idea with his argument that reductions in home equity of black Americans 
resulting from segregation are an important contributor to the racial wealth gap. Still, this idea 
has not been fully developed. What about residential segregation and segregated neighborhoods 
reduces the wealth of racial and ethnic minorities? Does segregation lead to wealth disparities 
per se, or does segregation inhibit low-income, nonwhite populations from living in advantaged 
neighborhoods that facilitate wealth accumulation? 
Neighborhood Effects 
Surprisingly, despite its importance for life chances, researchers have yet to examine 
wealth as an outcome in the literature on neighborhood effects. Neighborhoods are associated 
with many outcomes that are predictive of wealth accumulation. For example, living in a 
disadvantaged neighborhood is negatively related to prosocial behaviors (Leventhal and Brooks-
Gunn 2000; Sampson et al 2002), educational attainment (Chetty et al 2016; Wodtke et al 2011), 
employment (Casciano and Massey 2012-b; Musterd and Andersson 2006), and income 
(Casciano and Massey 2012-b; Galster et al 2008; Vartanian and Buck 2005). It seems at least 
plausible, then, that neighborhoods might causally affect wealth development. Estimating causal 
effects requires careful attention to endogeneity – the non-random selection of individuals into 
their neighborhoods. Moreover, neighborhood effects are rarely one-size-fits-all, and it is 
important to understand how, when, and for whom neighborhoods matter (Sharkey and Faber 
2014). These are salient questions that scholars are only beginning to address rigorously in the 
literature on neighborhoods (e.g., Sharkey and Elwert 2011; Wodtke et al 2016). 
How might neighborhoods affect wealth accumulation? The most likely mechanism is 
home equity – a key source of wealth for many Americans (Kochhar et al 2011). Yet, not every 
home is equal. Low-income and non-white populations experience pronounced segregation into 
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disadvantaged neighborhoods (Bischoff and Reardon 2014; Massey and Denton 1993). Potential 
buyers are less likely to buy homes in neighborhoods with high rates of poverty and 
disadvantage, which then lowers prices and home equity (Galster et al 2008). Thus, the 
“segregation tax” (Rusk 2001) is paid because of the specific disadvantages in neighborhoods 
into which low-income, non-white Americans are segregated. Other potential mechanisms are 
neighborhood effects on education, income, and other outcomes that subsequently affect wealth. 
When in the life course could neighborhoods affect wealth? The answer depends on the 
mechanism. If home values are the key mediator between neighborhoods and wealth, then early 
adulthood – an individual’s thirties – seems a likely candidate. Most individuals buy their first 
home during this life stage (Taylor and Fu 2015). If education mediates the neighborhood effect, 
on the other hand, then adolescence and emerging adulthood seem more plausible periods. Most 
individuals complete their educational trajectories by the end of their twenties. Perhaps, multiple 
mechanisms and multiple life stages are operating. 
In fact, neighborhood effects generally are shown to vary by age (Ellen and Turner 1997; 
Sharkey and Faber 2014). A life course perspective (Kuh et al 2003) highlights several distinct 
pathways through which living in a disadvantaged neighborhood at some point from adolescence 
to middle adulthood might affect wealth at age 50. Figure 2.1 depicts these theoretical pathways: 
sensitive period, accumulation of risk, chain of risk with triggering, and chain of risk with 
accumulation. A sensitive period for neighborhood effects exists if exposure to a disadvantaged 
neighborhood during a particular life stage (e.g., adolescence) negatively affects wealth, but 
exposure during other life stages does not. Risk accumulation occurs when each additional 
exposure to neighborhood disadvantage reduces wealth regardless of previous or future 
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neighborhoods. Chains of risk occur when exposure during one life stage affects exposure during 
the next life stage. 
For whom do neighborhoods matter the most? If housing wealth is a key mechanism for 
neighborhood effects, then neighborhoods will have a stronger effect on home owners. 
Moreover, home equity makes up a greater share of the wealth of low- and middle-income 
individuals and racial minorities than wealthy or white populations (Kochhar et al 2011; Saez 
and Zucman 2016). So, the former will be especially sensitive to neighborhood effects. Finally, 
because home ownership is particularly important for racial minorities, and they are likely to 
experience residential segregation that results in reduced equity, neighborhood (dis)advantage 
also could explain part of the racial wealth gap. 
Data 
Analyzing neighborhood effects on wealth across a broad range of the life course requires 
a long-running, representative panel data set. There are two options with clear superiority: the 
Panel Study of Income Dynamics (PSID) and the NLSY. The PSID is the most commonly used 
data set for longitudinal analyses of neighborhood effects, but it suffers from two important 
problems that make it less desirable for the present analysis. First, the PSID has comparatively 
high rates of attrition and non-response. The response rate is roughly 60 percent of the NLSY79 
(Census Bureau 1999; Solon 1992). Second, the initial PSID sampling frame under-sampled low-
income households with particularly detrimental consequences for the representativeness of the 
low-income black population (Lee and Solon 2009). Given the attrition and representativeness 
concerns with the PSID, I proceed using the NLSY79 for the present analysis. This has the added 
advantage of bringing a relatively-untapped data set to bear on the neighborhood effects 
literature. Researchers have used the NLSY for just two analyses of neighborhood effects on any 
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outcome (Alvarado 2016-a; Alvarado 2016-b), and like most research on neighborhood effects 
these studies focus solely on the early life course. 
The NLSY79 is an ongoing, nationally-representative, longitudinal panel survey of nearly 
ten-thousand individuals who were age 14-21 on January 1, 1979 (Bureau of Labor Statistics, 
n.d.-a). The NLSY79 surveyed respondents annually from 1979-1994 and biennially since then. 
During the first wave and while the respondents still lived in their parents’ homes, the NLSY79 
also collected relevant information on the parents of survey participants. To merge data on the 
social contexts in which participants live, the restricted-use NLSY79 provides census tract 
identifiers developed from geocoded home address data gathered at each wave. Because all tract 
identifiers use Census 2010 definitions, I use the LTDB to recalculate neighborhood 
characteristics from earlier decennial censuses (1970-2000) using Census 2010 neighborhood 
boundaries (Logan et al 2014). I then impute intercensal data for all tracts using linear 
interpolation and merge information on neighborhood characteristics derived from census data 
provided by the LTDB and Social Explorer to each respondent at each wave. Compared to the 
PSID, issues of sample attrition and representativeness are of much less concern with the 
NLSY79, and the NLSY provides sampling weights that offer an acceptable solution to deal with 
any problems (Macurdy et al 1998). 
For this analysis, I use the full longitudinal sample of individuals completing a survey in 
the most-recently-available wave (2012). Because not all individuals are the same age at each 
wave, I must decide whether to use age-based panels or wave-based panels. Re-organizing the 
data to create age-based panels would force all individuals to have missing waves at the 
beginning, end, or both time periods of the analysis window. Moreover, once the biennial survey 
waves begin, ages will not overlap. Thus, I use wave-based panels for this analysis. This requires 
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careful attention to age. As individuals age, they accumulate greater wealth. So, if individuals 
also reside in more-advantaged neighborhoods as they age, failing to control for age could lead 
to omitted variable bias. As I describe later, I include age as a time-varying covariate. 
The dependent variable is total family wealth in the final survey wave. The NLSY79 
calculates wealth as total assets minus all debts. Assets include the values of individual’s homes, 
automobiles, businesses, estates, stocks, bonds, and cash savings. Debts include an individual’s 
outstanding mortgage debt, property debt, and any other debts accumulated. The NLSY79 top 
codes asset levels for the wealthiest two percent of respondents as the average value of wealth 
among those individuals. At the final wave, respondents are an average age of roughly 50 years 
old.1 
Whereas I use the final wave of the NLSY79 for the dependent variable, I use all of the 
previous waves (1979-2010) for the focal independent variables and controls. The primary 
independent variable is neighborhood disadvantage across the life course. I calculate 
neighborhood disadvantage at each wave using a principal component analysis of seven 
important characteristics of neighborhoods: poverty, unemployment, female-headed households, 
welfare receipt, residents without a high school diploma, residents with a college degree 
(negative loading), and workers holding managerial or professional jobs (negative loading). I 
measure these neighborhood variables at the census tract level, which is the lowest level of 
geography available in the NLSY79, and I use the score for the first component as my measure 
of neighborhood disadvantage. Each of these decisions aligns with previous longitudinal 
analyses of neighborhood effects (e.g., Sharkey and Elwert 2011; Wodtke et al 2011). I test two 
																																																						
1 I use raw dollar values of wealth to better reflect absolute wealth inequality in the United States. An alternative 
model using an inverse-hyperbolic sine (IHS) transformation of wealth yields broadly consistent results. The IHS 
transformation is analogous to a natural log, but it allows zero values for the variable. 
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calculations of this variable. First, I tabulate cumulative neighborhood disadvantage from 1979-
2010 to reflect prolonged exposures to (dis)advantaged neighborhoods. Second, I calculate 
distinct measures of neighborhood disadvantage for each stage of the life course in this analysis 
to identify sensitive periods or pathways for neighborhood effects. 
In addition to neighborhood disadvantage, I also calculate measures of segregation and 
neighborhood diversity. If segregation causes wealth disparities per se, then these measures 
should explain any association between neighborhood disadvantage and wealth. I calculate 
segregation at the metropolitan or micropolitan area level2 using the multigroup entropy index 
(H) based on tract-level shares of the population that are white, black, Asian, Hispanic, and 
multiracial/other. Reardon and Firebaugh (2002) conclude that this entropy index outperforms 
other conventional measures of segregation. Data constraints prohibit me from calculating a 
tract-level segregation index. Instead, I use a component of H – the tract-level entropy score – to 
measure neighborhood diversity (Iceland 2004). 
Another focal independent variable in this analysis is race and ethnicity. The NLSY79 
provides a time-invariant measure of race and ethnicity as Hispanic, non-Hispanic Black, or non-
Hispanic White/Other. Screeners for the NLSY79 gathered the data for this variable during a 
1978 household screening interview, and the variable strongly aligns with a subsequent 
respondent-provided identification in 1979.3 Admittedly, this does not reflect the fluidity of race 
across time and in different settings (Harris and Sim 2002). Unfortunately, the NLSY79 surveys 
respondents about their race at only two waves (1979 and 2002). Because the 1979 survey 
																																																						
2 I assign census tracts to core based metropolitan or micropolitan statistical areas using a crosswalk available from 
the Missouri Census Data Center: http://mcdc.missouri.edu/websas/geocorr12.html. 
 
3 For further information, see https://www.nlsinfo.org/content/cohorts/nlsy79/topical-guide/household/race-
ethnicity-immigration-data. 
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responses correlate so well with with the data gathered in 1978 – and these are unlikely to be 
affected by wealth developed in subsequent decades – I use the 1978 measure for this analysis. 
There is a series of interviewer-provided measures of race/ethnicity from 1979-1998, but these 
are shown to be endogenous to social status and wellbeing (Saperstein and Penner 2012), which 
makes them inappropriate as covariates. Despite the limitations of this measure of race and 
ethnicity, the NLSY79 does offer an improvement over the PSID, which for most of its history 
only included white and black respondents. Moreover, measuring race/ethnicity at the beginning 
of the study window provides a relatively straightforward method to estimate the racial wealth 
gap. 
This analysis also includes a host of control variables that contains all characteristics 
known to have a major effect on neighborhood attainment and reflects the current state of 
knowledge on differential selection into neighborhoods (Harding 2003; Quillian 2003; Sampson 
and Sharkey 2008; Wodtke et al 2011). I discuss these variables in two types – time-invariant 
controls and time-varying controls – because this distinction will have important implications for 
the way I incorporate them in the analysis.  
Time-invariant controls include race/ethnicity (also a focal covariate), sex (male/female), 
immigrant generation, foreign language spoken during childhood, parental education, parental 
employment skill level, and childhood family structure. Immigrant generation and foreign 
language are dummy variables reflecting whether the respondent is a second generation 
immigrant (versus third-generation or more) and predominantly spoke a foreign language in the 
childhood home. Parental education is an ordinal variable measuring the highest level of 
education obtained by a resident parent while the respondent lived at home (less than high school 
diploma, high school diploma, some college, or bachelor's or higher). Parental employment skill 
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level captures the highest skill level of a job (unskilled, clerk/sales, skilled manual, 
manager/professional) worked by a resident parent while the respondent lived at home. Finally, I 
code the respondent's childhood family structure as always living with two biological parents, 
always living with one and never the other biological parent, one biological parent joining or 
leaving the household at any point (while the other is always present), never living with either of 
one’s biological parents, or other. 
Time-varying controls include characteristics of the respondent, the respondent’s family, 
and the head of the respondent’s household, which can be the respondent. Respondent controls 
are educational attainment – the same categories as parental education – and age in years. As 
noted above, I control for age because individuals range within a few years of age at each wave. 
To the extent that age predicts selection into neighborhoods with higher or lower levels of 
advantage, it could bias estimates of the neighborhood effect if left uncontrolled. Controls for the 
respondent’s family are family size, a dummy for home ownership status, a dummy for whether 
the respondent’s family moved since the last survey wave, and family income-to-needs ratio. 
Income-to-needs is the ratio of family income to the federal poverty threshold corresponding to 
the family’s size. Controls for the head of the respondent’s household are the number of jobs 
worked in the past year, percentage of weeks worked in the past year, number of hours per week 
worked in the past year, and a dummy for active membership in the Armed Forces. 
For all time-varying independent variables, I average survey waves to create variables 
that represent each of four life stages covered by the NLSY79: adolescence, emerging adulthood, 
early adulthood, and middle adulthood. The NLSY79 covers adolescence with four survey waves 
from 1979-1982 (mean age 18), emerging adulthood with eight survey waves from 1983-1990 
(mean age 23), early adulthood with seven survey waves from 1991-2000 (mean age 32), and 
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middle adulthood with five survey waves from 2002-2010 (mean age 42). To ensure proper time-
ordering for the analysis, I use the first few waves of each life stage for controls and the last few 
waves for neighborhood disadvantage. This averaging approach will reduce multicollinearity and 
facilitate the identification of sensitive periods or pathways for neighborhood effects. Figure 2.2 
depicts the strategy and notes the waves used for the neighborhood disadvantage and control 
variables at each stage of the life course. 
Methods 
Research demonstrates that analyzing the effect of prolonged exposure to disadvantaged 
neighborhoods requires careful attention to the empirical estimation strategy. Proper adjustment 
for neighborhood selection variables has received sizeable coverage in recent literature. Whereas 
controlling for time-invariant covariates like race and ethnicity is relatively straightforward, 
accounting for time-varying controls like income and education is complicated and can 
significantly bias estimates if not done correctly (Sharkey and Elwert 2011; Wodtke et al 2011). 
Two problems arise when simply adding time-varying controls like income to a regression 
model: over-controlling and collider-stratification bias. If neighborhood disadvantage in 
emerging adulthood affects family income in early adulthood, then including family income in 
the regression estimating neighborhood effects on wealth will over-control for some of the 
indirect (distal) neighborhood effect (Sharkey and Elwert 2011; Wodtke et al 2011). In addition, 
if an unobserved confounding variable affects both family income and wealth, then including 
income in the regression estimate will induce collider-stratification bias – even if the confounder 
is unrelated to neighborhood disadvantage (Greenland 2003). The consequence is that any causal 
relationship between the unobserved confounder and wealth can be spuriously included in the 
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neighborhood effect, which produces an unknowable form of bias. Figure 2.3 illustrates the over-
controlling and collider-stratification bias induced by adding time-varying controls to a model. 
Fortunately, inverse-probability of treatment (IPT) weighted marginal structural models 
(MSMs) offer a solution to both problems while preserving the ability to adjust for time-varying 
covariates (Robins 1998; Robins et al 2000). These models are based on two-stage propensity 
score techniques, which regress treatment status (neighborhood disadvantage) at each life stage 
on theoretically informed selection variables (controls) in the first stage regression. By weighting 
observations in the treatment effect (second stage) regression by the inverse-probability that they 
received the treatment sequence they actually received, IPT-weighted MSMs adjust for time-
varying covariates without requiring their inclusion in the second-stage model. This follows the 
logic that individuals who are unlikely to reside in (dis)advantaged neighborhoods based on their 
observed characteristics (race, income, education, etc.) – but end up in such neighborhoods 
anyway – provide better estimates of the true effect of neighborhood (dis)advantage than 
individuals who were likely to end up in such neighborhoods. Critically, these techniques avoid 
over-controlling and collider-stratification biases as illustrated by Figure 2.4. 
The validity of causal conclusions from these estimates hinges on a key assumption: that 
there is no unmeasured confounding. All neighborhood selection variables affecting treatment 
must be controlled or highly correlated with the controls. Traditional regression models also 
require this assumption, so IPT-weighted MSMs are not unique in this respect. Regardless, it is 
clearly a strong assumption. Fortunately, the NLSY79 measures all key neighborhood selection 
variables identified in the literature: race, ethnicity, income, education, and living in a female-
headed household. Other psychosocial factors such as depression, social support, and criminality 
are not substantive predictors (Sampson and Sharkey 2008; Quillian 2003). Although no 
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observational study can completely discount the possibility of selection effects, the extensive 
controls included in the present research should provide assurance that any endogeneity issues 
are minimized. Moreover, as shown in Appendix A, my first-stage neighborhood selection model 
provides reasonably accurate predictions of neighborhood (dis)advantage levels across the life 
course. Wodtke and colleagues (2011) provide further discussion and justification of IPT-
weighted MSMs. 
Previous analyses of neighborhood effects using an IPT-weighted MSM design use a 
categorical treatment variable, such as a dichotomous indicator of high neighborhood poverty 
(Sharkey and Elwert 2011) or neighborhood disadvantage quintiles (Wodtke et al 2011; Wodtke 
et al 2016). Although categorization of the treatment variable is necessary to calculate the IPT 
weights, it remains possible to preserve the variation of the continuous treatment variable in the 
second stage regression. Specifically, by adopting the approach described by Naimi and 
colleagues (2014), I can estimate the impact of a continuous measure of neighborhood 
disadvantage on wealth at age 50. Thus, I will provide the first estimates of cumulative 
neighborhood effects using a continuous specification for the treatment variable with an IPT-
weighted MSM design. I calculate stabilized IPT weights as follows:4 
!" = $%('( = )(|'(+,, ./)$%('( = )(|'(+,, ./, 1	(+,)3(4,  
The denominator of the weight results from the full propensity score model predicting 
neighborhood disadvantage: 
																																																						
4 I do not estimate stratified neighborhood selection models by race/ethnicity because differences in the way 
covariates like education and income affect access to neighborhoods are a form of racial inequality. I need to capture 
this in effect estimates or risk under-estimating the role of neighborhoods in the racial wealth gap. I test the 
sensitivity of my findings to a race-stratified selection model, and my preferred estimates presented here are 
essentially unchanged in the alternative specification. 
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This is an ordered logit equation where '(∗ is a latent continuous variable such that: 
'( = 1					if	)(
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I estimate odds of living in a neighborhood at a given decile of disadvantage during a certain life 
stage based on disadvantage decile in the control waves of that life stage, baseline controls (./), 
and time-varying covariates during the control waves of the life stage (1(+,). The denominator of 
the stabilized weight is the predicted probability that an individual resides in a neighborhood 
with a disadvantage decile in which the individual’s actual neighborhood falls. The numerator of 
SW is the estimated propensity score from a constrained version of the equation used for the 
denominator. 
The cumulative IPT weight for each individual is the product of each life-stage-specific 
stabilized IPT weight. I follow standard practice (Cole and Hernán 2008) and truncate the 
cumulative IPT weights at the 1st and 99th percentiles by recoding weights below and above those 
thresholds to the relevant threshold. These weights then feed into the treatment effect (second 
stage) estimation equation to control for nonrandom neighborhood selection. For example, to 
estimate the impact of cumulative neighborhood disadvantage on wealth at age 50, I use the 
cumulative IPT weight as a probability weight to estimate the following weighted model: 
D(E, = '(34(34,F + ./ + 7 
This model includes the mean of continuous neighborhood disadvantage at the four life stages, 
time-invariant covariates, and an error term. The IPT weights control for all observed time-
varying covariates. I also will estimate a model with separate variables for neighborhood 
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disadvantage at each life stage to examine sensitive periods or pathways for neighborhood 
effects. 
In addition to estimating the main neighborhood effects, I use structural equation 
modeling (Bollen 1989) to test how family home values mediate any neighborhood effects on 
wealth. I measure family home values during emerging, early, and middle adulthood. These 
variables are contemporaneous with the neighborhood disadvantage treatment variable as there is 
little risk for reverse causation within the same time period.5 Figure 2.5 specifies a causal path 
diagram for the relationships I estimate (Baron and Kenny 1986). 
I weight all analyses using the 2012 sampling weights. This accounts for the over-
sampling of certain populations in the initial sampling frame and my selection of all 2012 survey 
respondents as the analytic sample (Macurdy et al 1998). I address missing data using multiple 
imputation (mi ice in Stata) with fifty imputed data sets. Results are not sensitive to my strategy 
for dealing with missing data.6 All dollar values are in 2012 dollars. 
Results and Discussion 
Table 2.1 presents the bivariate correlations between wealth and the focal independent 
variables. There is a moderately-strong, negative correlation between cumulative neighborhood 
disadvantage and wealth. Breaking the neighborhood measure into its components at each of the 
four life stages, it appears that early and middle adulthood are more critical for neighborhood 
effects on wealth development than adolescence and emerging adulthood. Family home values 
are a potential mediator of this relationship. Home values are negatively correlated with 
																																																						
5 It is much more plausible that neighborhood disadvantage at a given time period affects the value of an 
individual’s home than an individual’s home value affecting contemporaneous neighborhood disadvantage. 
 
6 Re-estimates of several focal models using three alternative strategies for addressing missing data – complete-case 
analysis, single imputation, and multiple imputation with deletion of observations missing on the dependent variable 
– all yield substantively similar findings. Appendices B and C provide information on the prevalence of missing data 
and results from select models using alternative strategies for addressing missing data. 
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neighborhood disadvantage and strongly, positively correlated with wealth at age 50. This is 
especially true for home values in early and middle adulthood. These results lend credence to the 
importance of neighborhoods for wealth, but they do not address non-random selection into 
neighborhoods. Thus, I proceed to the regression framework. 
Table 2.2 presents the results of several regression models of wealth at age 50. Model 1 
presents a bivariate regression of wealth on cumulative neighborhood disadvantage from 
adolescence through middle adulthood. A one-unit increase in cumulative neighborhood 
disadvantage is associated with roughly $142,000 less in wealth at age 50. To put this in 
perspective, the gap in neighborhood disadvantage between 2010 census tracts at the 25th and 
75th percentiles of disadvantage is roughly 2.5 points. The average gap in cumulative 
neighborhood disadvantage between whites and blacks in the present analysis is only slightly 
smaller. Thus, neighborhood effects are potentially quite large in magnitude. Model 2 adds time-
invariant controls to Model 1, and the neighborhood-wealth relationship declines but only 
modestly. Model 3 adds time-varying covariates to Model 2 – recognizing this will over-control 
and induce collider-stratification bias – and the neighborhood-wealth relationship remains 
significant but greatly diminished. Model 4 uses IPT weights to properly control for time-varying 
covariates, and the neighborhood effect is much larger than estimated in Model 3. In fact, it is 63 
percent of the bivariate association estimated in Model 1. A one-unit increase in cumulative 
neighborhood disadvantage reduces wealth at age 50 by roughly $90,000. 
The magnitude of this effect is worth highlighting. Consider two individuals that are 
exactly the same on all observable covariates except that one always lived in a neighborhood 
around the 25th percentile of disadvantage whereas the other lived in a neighborhood around the 
75th percentile of disadvantage. The wealth gap at age 50 between the two would be, on average, 
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$225,000. This is approximately 64 percent of the average wealth at age 50 across the sample 
($350,800). 
Models 5-8 include separate measures of neighborhood disadvantage for each life stage.7 
Neighborhood disadvantage during adolescence is negatively related to wealth accumulated at 
age 50, though the effect is only moderate in magnitude. When considered jointly with 
neighborhood disadvantage during emerging adulthood (Model 6), neighborhood during 
adolescence is no longer significant, and neighborhood disadvantage during emerging adulthood 
has a strong, negative effect on wealth. This is consistent with a chain of risk model; adolescent 
neighborhood matters, but only insofar as it affects neighborhood in emerging adulthood. Adding 
neighborhood disadvantage during young adulthood to the model further explains earlier 
neighborhood effects and has an even stronger impact on wealth. Finally, when jointly 
estimating neighborhood disadvantage in all life stages in Model 8, the life course picture 
complicates somewhat. Neighborhood disadvantage during both young adulthood and middle 
adulthood are associated with sizeable reductions in wealth at age 50. Neighborhood in middle 
adulthood explains about half of the neighborhood effect in young adulthood. Thus, there 
appears to be a chain of risk across the life course, and beginning in young adulthood 
neighborhood effects also accumulate. 
An important implication of Model 8 is that neighborhood disadvantage experienced in 
the early 30s (early adulthood) affects wealth at age 50 even after controlling for neighborhood 
disadvantage experienced in the early 40s (middle adulthood). Thus, efforts to build assets for 
																																																						
7 I use the cumulative IPT weight up to each life stage. For example, for the equation with only neighborhood 
disadvantage during adolescence as a covariate, I use the IPT weight reflecting the probability that an individual 
resided in a neighborhood with the observed level of disadvantage during adolescence. For the equation with 
neighborhood disadvantage during adolescence and emerging adulthood as covariates, I use the IPT weight 
reflecting the probability that an individual resided in neighborhoods with the observed levels of disadvantage 
during adolescence and emerging adulthood. 
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low-wealth populations must start relatively early in the life course, and neighborhoods must be 
considered an important component of wealth accumulation. Home ownership, which is 
controlled for in these models, is not sufficient to reduce wealth disparities. Rather, where homes 
are purchased is a critical determinant of wealth. 
Given that there is substantial residential segregation based on race, I now consider what 
role disparities in neighborhood disadvantage play in explaining the racial wealth gap. Table 2.3 
presents racial disparities in average wealth accumulated by age 50, as well as disparities in 
neighborhood disadvantage, home ownership rates, and home values. The racial wealth gap at 50 
is massive; Hispanics have less than half the wealth of whites, and blacks have less than one-
quarter the wealth of whites. Neighborhood disadvantage could explain some of this gap as racial 
minorities consistently live in less-advantaged neighborhoods than whites across the life course. 
This likely affects the value of their homes, as well as a number of other factors that influence 
wealth. In fact, I do find that racial minorities are less likely to own homes and have lower home 
values. Again, to more rigorously test these relationships, I return to a regression framework. 
Table 2.4 presents several models of the racial wealth gap. Model 1 calculates the 
bivariate racial wealth gap from Table 2.3 in regression form. On average, whites have roughly 
$400,000 in wealth at age 50 (see Table 2.3), and blacks and Hispanics have approximately 
$310,000 and $213,000 less in wealth than whites, respectively. Model 2 adds a single covariate 
– cumulative neighborhood disadvantage – to the model, and the entire racial wealth gap 
disappears. In fact, Model 2 suggests that if neighborhood advantage were to be equalized, 
blacks would have greater wealth than whites. That the entire racial wealth gap can be explained 
by a single variable is remarkable. Still, this does not mean that disparities in neighborhood 
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disadvantage cause the entire gap. To adequately assess the extent of the gap explained by 
neighborhood effects, I need to control for neighborhood endogeneity. 
Models 3-5 do not include neighborhood disadvantage but instead add different 
combinations of controls for selection into neighborhood. Model 3 adds time-invariant controls, 
which explain a moderate portion of the gap between blacks and whites but relatively little for 
Hispanics. Model 4 adds time-varying controls to Model 3 and the gap decreases further but 
remains significant. Thus, whereas cumulative neighborhood disadvantage by itself explains the 
entire racial wealth gap, a large set of neighborhood selection variables does not. For 
comparative purposes, Model 5 adds IPT weights to Model 3. Model 6 presents the potential 
causal effect of neighborhood disadvantage by including cumulative disadvantage, time-invariant 
controls, and IPT weights to control for time-varying covariates. As I noted above when 
discussing Table 2.2, the impact of neighborhood disadvantage is quite powerful. A one-unit 
increase in neighborhood disadvantage reduces wealth by $90,000.  
By comparing Models 1, 3, 5, and 6, the importance of neighborhood disadvantage in 
explaining the racial wealth gap – even after adjusting for all known neighborhood selection 
variables – becomes clear. Time-invariant controls (Model 3) explain about 20 and 36 percent of 
the Hispanic-White and Black-White wealth gaps, respectively. Time-varying controls that affect 
selection into neighborhoods (Model 5) explain little of the outstanding gaps. Instead, Model 6 
demonstrates that cumulative neighborhood disadvantage explains a large majority of the racial 
wealth gap. 
Why are neighborhoods so critical for wealth inequality and the racial wealth gap? Table 
2.5 presents models testing several different explanations. In Model 1, I add measures of 
segregation and neighborhood diversity to my preferred model of neighborhood effects. The 
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coefficient on cumulative neighborhood disadvantage is essentially unchanged. Residential 
segregation does not seem to cause wealth disparities per se. Rather, the disproportionate 
exposure of low-income and nonwhite populations to disadvantaged neighborhoods drives 
inequalities in wealth accumulation and the racial wealth gap. 
Next, I examine whether neighborhood disadvantage has a stronger effect on 
homeowners versus renters. Not surprisingly, homeowners tend to have more wealth than 
renters. Adjusting for this difference, Model 2 shows that the impact of cumulative neighborhood 
disadvantage (ND) is partially conditional on home ownership. Whereas residing in 
disadvantaged neighborhoods during young adulthood affects homeowners and renters 
somewhat similarly, the impact of disadvantaged neighborhoods in middle adulthood occurs only 
on homeowners. Home values seem a likely explanation for this effect, so I add variables 
measuring home values during emerging, young, and middle adulthood in Model 3. Indeed, 
home values do appear to be a potential mechanism for the neighborhood effect, especially 
during young and middle adulthood. Model 4 finds that family home values can account for 
much of the effect of cumulative neighborhood disadvantage on their own. Including home 
values reduces the estimated effect of a one-unit increase in cumulative neighborhood 
disadvantage from roughly $90,000 to $14,000. To formally test this, I use the structural 
equation modeling approach described previously. Table 2.6 presents the results of a structural 
model of the causal pathways presented in Figure 2.5.	Family home values explain 84 percent of 
the neighborhood effect on wealth. This is not entirely surprising given that homeowners have 
much more wealth than renters. Still, living in a disadvantaged neighborhood affects both 
homeowners and renters, which implies that neighborhood mechanisms other than home values 
partially affect wealth accumulation. 
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Conclusion 
This research adds to a growing literature examining how, when, and for whom 
neighborhoods affect life chances. The literature is approaching consensus that living in a 
disadvantaged neighborhood negatively affects educational, economic, and behavioral outcomes 
early in the life course. Recent research finds that these impacts are more likely and most severe 
when exposure to disadvantage is prolonged (Chetty et al 2016; Sharkey and Elwert 2011; 
Wodtke 2013; Wodtke et al 2011). The focus on how neighborhoods affect children and youth, 
however, leaves open questions regarding how neighborhoods matter for adults. The present 
analysis complements and extends extant research in several notable ways.  
First, to my knowledge this study represents the first rigorous quantitative analysis of 
neighborhood effects on wealth. I find that neighborhoods play a critical role in wealth 
accumulation even after accounting for a large set of variables that determine neighborhood 
selection. Two similar individuals who differ only in that one lived in neighborhoods at the 25th 
percentile of disadvantage from adolescence through middle adulthood while the other lived in 
neighborhoods at the 75th percentile of disadvantage would have a $225,000 wealth disparity 
between them at age 50. Not only is this a sizeable amount of wealth on its own, but it also 
represents about 64 percent of the average American’s wealth at age 50 ($350,800). Wealth is a 
key benchmark of wellbeing and predictor of future advantages (Conley 1999; Oliver and 
Shapiro 2006; Shapiro 2006), perhaps more important than education, income, and other 
common metrics for neighborhood effects. That neighborhoods matter so strongly for wealth 
makes clear their importance for life chances generally. 
In addition to estimating the main neighborhood effect, this analysis also answers 
theoretical questions about when and how neighborhoods matter. Whereas most of the literature 
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on neighborhood effects focuses on the early life course, this research adds to the relatively few 
studies of adults (e.g., Osterman 1991; Vartanian and Buck 2005). For wealth accumulation at 
age 50, there is a chain of risk with accumulation. Exposures to disadvantaged neighborhoods in 
adolescence and emerging adulthood negatively affect wealth at age 50, and these effects are 
mediated by future neighborhood conditions. Neighborhood conditions in young and middle 
adulthood (an individual’s thirties and forties) have even stronger effects on wealth. Part of the 
impact of neighborhood disadvantage during young adulthood operates indirectly through 
neighborhood disadvantage in middle adulthood, but an additional portion of the young 
adulthood effect remains direct on wealth. The implication is that wealth at age 50 is affected by 
neighborhood conditions experienced 15-20 years prior – regardless of neighborhood conditions 
in the intervening years. This is consistent with Shapiro’s (2004) idea of transformative assets; 
inheritances or gifts from parents facilitate economic mobility that would otherwise be 
impossible, particularly for white individuals. As many individuals are purchasing their first 
home in the transition to adulthood, assistance from parents could be particularly beneficial. 
A structural equation model sheds further light on how neighborhoods matter. Personal 
home values mediate over four-fifths of the neighborhood effect. Controlling for characteristics 
like income and education that affect one’s ability to buy a home and the type of home 
purchased, levels of neighborhood disadvantage continue to matter greatly. Neighborhood 
disadvantage reduces home equity, which has important implications for low-income, non-white 
populations that are disproportionately segregated into these settings (Bischoff and Reardon 
2014; Charles 2003; Massey and Denton 1993). The outstanding 15 percent of the neighborhood 
effect not explained by home values is not trivial and worthy of further exploration. Other 
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potential mechanisms for this effect include educational attainment, job access, income, and 
access to financial institutions. 
Along with their general importance, neighborhoods have a particularly salient role in 
racial wealth disparities and explain a majority of the racial wealth gap. This result is unlikely to 
reflect reverse-causation because parental and household wealth together explain relatively little 
of the observed racial differences in neighborhood attainment (Crowder et al 2006). 
Neighborhoods have an especially strong impact on the wealth of black Americans, but they are 
also meaningful for Hispanic Americans – a population that has been less-studied in the 
segregation and neighborhood effects literature. Previous research has implicated racial 
differences in home ownership and educational attainment in the wealth gap (Keister 2000; 
Kochhar et al 2011), but this is the first study to quantify just how critical the segregation of 
racial minorities into disadvantaged neighborhoods is for disparities in wealth accumulation. 
Given the history of redlining, housing discrimination, and disparate rates of foreclosure (Conley 
2010; Oliver and Shapiro 1995; Rugh and Massey 2010), the linking of wealth, race, and place 
has been a decades-long process. 
These findings have important implications for American social policies to build assets 
and reduce wealth disparities. Various scholars promote home ownership as an important remedy 
for the racial wealth gap (e.g., Asante-Muhammad et al 2016; Shapiro 2006; Shapiro et al 2013; 
Sullivan et al 2015). Home ownership is beneficial and a worthwhile goal, but the present 
analysis demonstrates that where homes are purchased is of even greater importance. Integrating 
low-income and non-white populations into more-advantaged neighborhoods would be 
extremely beneficial. Some scholars do offer additional recommendations to protect non-white 
mortgage holders; these often involve stricter enforcement of anti-discrimination laws. Given the 
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centuries of inequality faced by racial minorities in the United States (Conley 2010; Oliver and 
Shapiro 1995), as well as continued preferences for racial homophily among whites (Krysan et al 
2009), stronger actions may be necessary. State or federal funds to promote racial and economic 
integration – through mortgage incentives or community investments – could spur needed 
change. 
Even with significant policy intervention, however, the problem will not be solved soon. 
Disparities in neighborhood conditions experienced in the early and middle portions of the life 
course continue to manifest in wealth gaps decades later. Early disadvantages cannot be fully 
remedied through upward neighborhood mobility later in the life course. As a result, today’s 
racial and class-based segregation will yield wealth disparities well into the future. These 
disparities have implications for both the health and wellbeing of adults and the educational, 
behavioral, and inheritance outcomes of any children they may have. Thus, contemporary 
residential segregation and disparities in neighborhood conditions will have important 
consequences for future generations of Americans. 
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Figure 2.1. Life Course Theoretical Pathways 
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Figure 2.2. Survey Waves Used for Each Stage of the Life Course 
 
ND = Neighborhood disadvantage 
TVC = Time-varying covariates 
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Figure 2.3. Illustrative Examples of the Problems with the Traditional Regression  
Controlling Strategy (illustrated by emboldened lines) 
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Figure 2.4. Illustrative Example of the Advantage of IPT-Weighting  
to Control for Time-Varying Covariates 
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Figure 2.5. Causal Pathways for Mediation Analysis 
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Table 2.1. Correlation Matrix for Dependent Variable, Focal Independent Variables, and Potential Mediators a 
 
 Wealth ND (cu) ND (ad) ND (ema) ND (ya) ND (ma) HV (ema) HV (ya) HV (ma) 
Wealth (2012) 1         
NH disad. (cumulative) -0.325 1        
NH disad. (adolescence) -0.216 - 1       
NH disad. (emg. adult.) -0.254 - 0.632 1      
NH disad. (young adult.) -0.322 - 0.573 0.694 1     
NH disad. (mid. adult.) -0.342 - 0.508 0.587 0.743 1    
Home value (emg. adult.) 0.290 -0.285 -0.200 -0.254 -0.274 -0.275 1   
Home value (young adult.) 0.511 -0.442 -0.300 -0.353 -0.442 -0.446 0.503 1  
Home value (mid. Adult.) 0.582 -0.341 -0.224 -0.261 -0.332 -0.377 0.351 0.615 1 
a ND is neighborhood disadvantage. HV is home value. 
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Table 2.2. Models of Neighborhood Effects across the Life Course on Family Wealth at Age ~50 
(Weighted, Standard errors in brackets) a, b, c 
 
 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 
         
ND (cu) -142,051*** -115,647*** -36,034*** -89,602***     
 [7,201] [8,146] [7,284] [7,955]     
NH (ad)     -18,079** -683 10,256 11,175 
     [6,907] [8,135] [7,852] [7,907] 
ND (ema)      -38,104*** -570 4,288 
      [6,542] [6,924] [6,837] 
ND (ya)       -89,925*** -47,968*** 
       [7,989] [8,444] 
ND (ma)        -65,128*** 
        [8,345] 
Constant 365,717*** 403,431*** 938,733 376,576*** 396,392*** 392,377*** 345,746*** 301,416*** 
 [10,509] [50,427] [593,360] [51,142] [52,282] [51,191] [50,159] [50,302] 
TI cont.     x    x    x    x    x    x    x 
TV cont.      x      
IPTWs       x    x    x    x    x 
~N 7,300 7,300 7,300 7,300 7,300 7,300 7,300 7,300 
† p<0.10 * p<0.05 ** p<0.01 *** p<0.001 
 
a Time-invariant controls (TI cont.) include: race (white/other, black, Hispanic); sex (male, female); immigrant generation (2nd gen., 
3+ gen.); a dummy for whether or not a foreign language was spoken in the respondent's childhood home; respondent's parent's 
highest level of education (< High School diploma, HS diploma, some college, or Bachelor's or higher); respondent's parent's highest 
level of employment status while respondent lived at home (unskilled, clerk/sales, skilled manual, manager/professional); and 
respondent's childhood family structure (2 biological parents, Always one and never the other biological parent, Transition in/out of 1 
biological parent, Never biological parents, Other). 
 
b Time varying controls include: Respondent's age at survey wave; Respondent's educational attainment at survey wave (< High 
school diploma, HS diploma, Some college, or Bachelor's+); Family size; Home ownership status (percentage of survey waves 
owning a home); Family income-to-needs ratio; Family public assistance receipt status; Number of jobs worked by householder; 
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Percentage of weeks work in a year by householder; Number of hours worked in a week by householder; whether or not the 
householder is an active member of the Armed Forces; and whether or not the family moved recently. 
 
c IPT weighted controlling uses inverse probability of treatment weights with marginal structural models to control for time-varying 
controls. These models also include lagged neighborhood disadvantage score as a control. 
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Table 2.3. Mean Values and Standard Errors of Select Variables by Race 
(Weighted, Standard errors in brackets) a 
 
 Whites Hispanics Blacks 
 Mean Std. Er. Mean Std. Er. Mean Std. Er. 
Wealth (2012)  408,724  [13,064]   195,493  [15,889]   98,266  [7,300]  
NH disad. (cumulative) -0.338 [0.021] 1.300 [0.056] 2.032 [0.043] 
NH disad. (adolescence) 0.243 [0.032] 2.389 [0.078] 3.118 [0.062] 
NH disad. (emerg. adulthood) -0.017 [0.031] 1.704 [0.072] 2.549 [0.061] 
NH disad. (young adulthood) -0.695 [0.024] 0.784 [0.066] 1.438 [0.050] 
NH disad. (middle adulthood) -0.881 [0.025] 0.324 [0.059] 1.021 [0.045] 
Home ownership (adolescence) 0.047 [0.004] 0.021 [0.005] 0.022 [0.003] 
Home ownership (emrg. adult.) 0.179 [0.007] 0.092 [0.008] 0.052 [0.005] 
Home ownership (young adult.) 0.556 [0.008] 0.348 [0.014] 0.202 [0.009] 
Home ownership (middle adult) 0.743 [0.008] 0.527 [0.015] 0.396 [0.011] 
Home value (emerg. adult.)  97,940  [2,659]  69,033  [4,759]  28,007  [1,596] 
Home value (young adulthood)  186,235  [3,592]  119,082  [4,997]  67,210  [2,493] 
Home value (middle adulthood)  285,146  [7,477]  212,520  [11,237]   110,309  [5,925] 
~N (raw, unweighted) 3,600  1,410  2,290  
a Means and standard errors calculated using Rubin’s rules across 50 imputed data sets. Counts 
(Ns) rounded to the nearest 10. Total sample ~N = 7,300. 
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Table 2.4. Models of the Racial Wealth Gap at Age ~50 
(Weighted, Standard errors in brackets) a, b, c 
 
 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6d 
       
Hispanic -213,232*** 27,393 -170,335*** -60,601† -159,490*** -50,496 
 [20,562] [20,404] [43,034] [35,292] [44,220] [44,723] 
Black -310,459*** 37,566* -199,058*** -54,184*** -194,605*** -19,352 
 [14,989] [18,770] [14,110] [15,398] [13,503] [18,796] 
ND (cu)  -146,884***    -89,602*** 
  [8,626]    [7,955] 
Constant 408,724*** 359,109*** 377,220*** 876,395 358,948*** 376,576*** 
 [13,064] [10,814] [51,261] [595,818] [51,212] [51,142] 
TI cont.      x    x    x    x 
TV cont.       x   
IPTWs        x    x 
~N 7,300 7,300 7,300 7,300 7,300 7,300 
† p<0.10 * p<0.05 ** p<0.01 *** p<0.001 
 
a Time-invariant controls (TI cont.) include: race (white/other, black, Hispanic); sex (male, 
female); immigrant generation (2nd gen., 3+ gen.); a dummy for whether or not a foreign 
language was spoken in the respondent's childhood home; respondent's parent's highest level of 
education (< High School diploma, HS diploma, some college, or Bachelor's or higher); 
respondent's parent's highest level of employment status while respondent lived at home 
(unskilled, clerk/sales, skilled manual, manager/professional); and respondent's childhood family 
structure (2 biological parents, Always one and never the other biological parent, Transition 
in/out of 1 biological parent, Never biological parents, Other). 
 
b Time varying controls (TV cont.) include: Respondent's age at survey wave; Respondent's 
educational attainment at survey wave (< High school diploma, HS diploma, Some college, or 
Bachelor's+); Family size; Home ownership status (percentage of survey waves owning a home); 
Family income-to-needs ratio; Family public assistance receipt status; Number of jobs worked by 
householder; Percentage of weeks work in a year by householder; Number of hours worked in a 
week by householder; whether or not the householder is an active member of the Armed Forces; 
and whether or not the family moved recently. 
 
c IPT weighted controlling uses inverse probability of treatment weights with marginal structural 
models to control for time-varying controls. These models also include lagged neighborhood 
disadvantage score as a control. 
 
d Note this is the same model as Table 2.2 Model 4 because race is a time-invariant control in 
this analysis. 
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Table 2.5. Moderation and Mediation Models of Neighborhood Effects across the Life Course on 
Family Wealth at Age ~50 (Standard errors in brackets) a, b 
 
 Model 1 Model 2 Model 3 Model 4 
     
Hispanic -57,857 -38,870 -56,014 -51,212 
 [45,614] [42,958] [35,862] [36,134] 
Black -27,883 -10,856 -51,008** -31,260† 
 [20,796] [18,449] [17,158] [16,927] 
ND (cu) -89,941***   -14,489* 
 [7,966]   [6,295] 
Segregation (cu) 26,354    
 [75,554]    
NH diversity (cu) 37,380    
 [43,534]    
ND (ad)  8,014 10,764  
  [7,969] [6,761]  
ND (ema)  4,523 2,658  
  [6,855] [5,665]  
ND (ya)  -30,503*** -14,033†  
  [8,959] [7,467]  
ND (ma)  -8,983 -3,017  
  [9,063] [8,402]  
Home own (ad)  12,769 -7,703  
  [56,518] [43,918]  
Home own (ema)  31,428 33,379  
  [30,889] [26,014]  
Home own (ya)  68,288** 33,904†  
  [21,574] [19,393]  
Home own (ma)  153,999*** -44,683*  
  [18,642] [20,195]  
ND*Home (ad)  -3,536 1,154  
  [37,841] [33,058]  
ND*Home (ema)  4,877 8,951  
  [15,717] [13,816]  
ND*Home (ya)  -30,586* -29,128*  
  [15,039] [11,846]  
ND*Home (ma)  -81,620*** -9,283  
  [14,933] [11,958]  
Home value (ema)   -.133  
   [.105]  
Home value (ya)   .662*** .672*** 
   [.121] [.102] 
Home value (ma)   .768*** .767*** 
   [.059] [.060] 
Constant 351,955*** 152,733** 36,462 39,790 
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 [57,445] [52,147] [44,256] [42,973] 
Time-invariant controls    x    x    x    x 
Time-varying controls     
IPT weights    x    x    x    x 
~N 7,300 7,300 7,300 7,300 
† p<0.10 * p<0.05 ** p<0.01 *** p<0.001 
 
a Time-invariant controls include: race (white/other, black, Hispanic); sex (male, female); 
immigrant generation (2nd gen., 3+ gen.); a dummy for whether or not a foreign language was 
spoken in the respondent's childhood home; respondent's parent's highest level of education (< 
High School diploma, HS diploma, some college, or Bachelor's or higher); respondent's parent's 
highest level of employment status while respondent lived at home (unskilled, clerk/sales, skilled 
manual, manager/professional); and respondent's childhood family structure (2 biological 
parents, Always one and never the other biological parent, Transition in/out of 1 biological 
parent, Never biological parents, Other). 
 
b IPT weighted controlling uses inverse probability of treatment weights with marginal structural 
models to control for time-varying controls. These models also include lagged neighborhood 
disadvantage score as a control. 
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Table 2.6. Formal Mediation Analysis for Table 2.5 Model 3 a 
 
  
Total effect of a 1 unit increase in ND (cu) -89,602*** 
 [8,075] 
Indirect effect of a 1 unit increase via family home value -75,113*** 
 [6,430] 
Direct effect of a  1 unit increase -14,489* 
 [6,366] 
  
% NH Effect Mediated by Home Value 83.8% 
~N 7,300 
† p<0.10 * p<0.05 ** p<0.01 *** p<0.001 
 
a This mediation analysis uses structural equation modeling (SEM) to test family home values 
during early- and mid-adulthood as mediators of the relationship between cumulative 
neighborhood disadvantage from adolescence through mid-adulthood and family wealth at age 
50. Figure 2.5 represents the estimated causal pathways. The relevant estimation model is Model 
4 in Table 2.5. For each of the 50 imputed data sets, I bootstrap standard errors using 500 
replications. I combine estimates across the imputed data sets using Rubin's rules. Models 
include time-invariant controls and IPT weights to control for time-varying covariates. 
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CHAPTER 3. NEIGHBORHOOD EFFECTS ON INCOME ACROSS THE LIFE 
COURSE: A COUTNERFACTUAL ANALYSIS USING QUANTILE REGRESSION 
WITH OBSERVATIONAL DATA FOR TWO COHORTS 
 
Neighborhood effects have been a rapidly-growing focus of social science research over 
the last thirty years. From seminal accounts of the transforming urban landscape (Wilson 1987) 
and racial residential segregation (Massey and Denton 1993) to major social experiments (e.g., 
Gautreaux and Moving to Opportunity) and observational analyses of long-term neighborhood 
exposures (Sampson et al 2008; Sharkey and Elwert 2011; Wodtke et al 2011; Wodtke et al 
2016), researchers have maintained a sharp focus on the impact that neighborhoods have on life 
chances. In comparison to the extensive literature studying neighborhood effects on children and 
adolescents, however, adulthood is a neglected period in research on neighborhoods (Browning 
et al 2016).  
Among studies of neighborhood effects in adulthood, income is one of the most common 
outcomes (e.g., Corcoran et al 1992; Datcher 1982; Holloway and Mulherin 2004; Osterman 
1991; Vartanian 1999; Vartanian and Buck 2005). In addition to its commonality, income is 
important an important marker of wellbeing. Income disparities are related to health, educational, 
and social outcomes (Duncan and Brooks-Gunn 1997; Mayer 2002), and countries with greater 
levels of income inequality exhibit more social problems (Wilkinson and Pickett 2009). In the 
United States, income inequality has grown fairly steadily since the early 1970s (McCall and 
Percheski 2010; Piketty and Saez 2003) and may be at its highest point in American history 
(Lindert and Williamson 2016). This inequality has spawned social movements, increased the 
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salience of income in popular discourse, and poses a growing threat to intergenerational mobility 
(Corak 2013; Keister 2014). 
For individuals at the very top of the income distribution, wages and salary are not as 
important as business and capital income. Among the top one percent of earners, wages and 
salary represent less than half of their total income. For the next nine percent and bottom ninety 
percent of earners, however, wages and salary represent over two-thirds and three-fourths of 
income, respectively (Keister 2014). For most Americans, then, wages and salary are critical 
sources of income. 
What explains income disparities for the vast majority of Americans – individuals not in 
the top one percent? Neckerman and Torche (2007) review the causes and highlight increasing 
returns to higher education, work experience, changes in firm and labor market structures, and 
skills-biased technical change or polarization through computerization. Each of these micro- or 
macro-level explanations is compelling and likely drives a part of income inequality, but notably 
absent from the list are meso-level explanations like neighborhoods. As highlighted above, there 
is a growing body of sociological research investigating exactly this question. 
Despite their important focus, analyses of neighborhood effects on income are limited in 
several ways. They typically study income during an individual’s late twenties or early thirties 
when income remains quite volatile (see Vartanian and Buck 2005 for a notable exception). 
Extant research also lacks data on long-term neighborhood conditions. In fact, of the studies of 
neighborhood effects on adult economic outcomes generally, few examine how conditions early 
in the life course affect later wellbeing (Sharkey 2016). More generally, research on 
neighborhoods across the life course would benefit from greater focus on effect mechanisms and 
heterogeneity (Harding et al 2011; Sharkey and Faber 2014).  
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The National Longitudinal Surveys, especially the National Longitudinal Survey of 
Youth-1979 Cohort (NLSY79), provide excellent data to expand analyses of neighborhood 
effects. Using over thirty years of data on neighborhood conditions and income from the 
NLSY79, which stretches from adolescence to middle adulthood, this research will shed new 
light on when, how, and for whom neighborhood conditions relate to income. In addition, 
comparing neighborhood effects on similarly-aged cohorts of the NLSY79 and NLSY97, this 
research examines how the relationship between neighborhoods and income has changed over 
two decades. 
This research makes six contributions to the literatures on neighborhood effects and 
income inequality. First, I extend analyses of income further into the adult life course when 
income is more stable; this has the added benefit of examining neighborhood effects on an 
important outcome at an under-studied period of the life course: adolescence through middle 
adulthood. Second, to my knowledge, I provide the first analysis of neighborhood effects on 
income using the state-of-the-art inverse probability of treatment weighted (IPTW) marginal 
structural models (MSMs) that allow for stronger causal conclusions than traditional methods 
with observational data. Third, as in Chapter Two, I use IPTW MSMs with a continuous 
treatment variable, which represents an advancement on previous research using categorized 
treatments. Fourth, I estimate unconstrained quantile regression models of income that allow me 
to explore neighborhood effect heterogeneity by income levels. I also explore racial and gender 
heterogeneity. Fifth, I consider potential mechanisms for neighborhood effects on income, 
focusing on spatial mismatch, neighborhood disorder, and job networks. Sixth, I use data from 
two cohorts to compare how neighborhood effects have changed over time. 
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Neighborhood Effects on Income 
The earliest research exploring how neighborhoods and communities are related to adult 
income analyzed contextual effects at relatively large levels of geography. At the zip code 
(Corcoran et al 1992; Datcher 1982; Osterman 1991) and metropolitan statistical area (Cutler and 
Glaeser 1997) levels, researchers found that disadvantaged and segregated environments are 
negatively related to adult economic outcomes. Although these studies broke new ground and 
spurred additional research, they suffered from several flaws endemic to early research on 
contextual effects. Most lacked a theoretical focus on the mechanisms through which zip code or 
city characteristics would affect adult incomes, perhaps because the literature on neighborhood 
effects was not yet fully developed and its mechanisms (e.g., social cohesion, networks) apply 
less well to higher levels of geography. All used short-term measures of community context 
capturing at most a few years of exposure, and they measured outcomes relatively early in 
adulthood when income and employment status remain especially volatile. Lastly, the studies 
used a traditional regression control approach that suffers from potential neighborhood 
endogeneity (Jencks and Mayer 1990). 
Subsequent analyses of contextual effects focused more explicitly on low-level 
neighborhoods, which were operationalized as census tracts. Thomas Vartanian (1999) uses the 
Panel Study of Income Dynamics (PSID) to analyze how neighborhood disadvantage during 
several years of adolescence is related to average adult income from the late twenties to late 
thirties and finds a negative association for only those adolescents living in the most 
disadvantaged neighborhoods. Vartanian and Page Buck (2005) expand this research to a wider 
portion of the life course by analyzing neighborhood effects from childhood through adolescence 
on average family income-to-needs ratio from an individual’s late twenties to forties. In contrast 
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to his earlier findings, they observe a significant relationship between neighborhood 
disadvantage and family wellbeing that is not confined to the most disadvantaged 
neighborhoods. Moreover, neighborhoods during both childhood and adolescence have 
significant relationships, suggesting additive effects of neighborhood disadvantage. Finally, 
Steven Holloway and Stephen Mulherin (2004) use the NLSY79 and find that the neighborhood 
poverty rate during one year of adolescence (1980) is negatively related to employment odds 
around age 30 (in 1990). 
Despite the better alignment of neighborhood measurement with theoretically-important 
mechanisms for neighborhood effects, two of the three studies suffered from short-term 
measures of neighborhood characteristics and outcomes measured relatively early in the life 
course. There also remained substantial concerns regarding neighborhood endogeneity. 
Researchers have sought to address the potential for selection bias using several social 
experiments implemented late in the 20th century: the Gatreaux Assisted Housing Program, the 
Moving to Opportunity for Fair Housing Demonstration Program (MTO), and quasi-experiments 
occurring in Mount Laurel, NJ and Yonkers, NY. 
Gautreaux was the first of the major neighborhood experiments, and initially it did not 
yield any meaningful impact on participants’ incomes. Among a random sample of 332 
participants interviewed roughly six years after relocation, adults moving to middle class suburbs 
had incomes no larger than adults moving to less-advantaged urban neighborhoods – despite 
being 14 percentage points more likely to be employed (Popkin et al 1993). Similarly, comparing 
adults moving to (advantaged) suburbs with those moving to (disadvantaged) urban 
neighborhoods, Rosenbaum (1995) finds that neighborhood conditions affect employment but 
not income five to six years after treatment. Roughly fifteen years after neighborhood 
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assignment, however, a sample of low-income black women who moved to low-poverty 
communities were more likely to be employed and earn higher wages that those moving to 
higher-poverty communities (Mendenhall et al 2006). 
Unlike Gautreaux, the initial null effects of MTO on adult participants’ incomes (Kling et 
al 2007; Orr et al 2003) persisted through long-term evaluations (Ludwig et al 2012). In fact, 
except for a long-term improvement in subjective wellbeing, MTO yielded few impacts on a 
range of economic outcomes, including employment and self-sufficiency. As discussed in the 
first chapter, these findings may reflect a critical flaw in voucher-based experiments for 
estimating neighborhood effects – the inability to produce substantial, long-lasting changes in 
neighborhood quality (Clampet-Lundquist and Massey 2008; Sampson 2008).  
Somewhat surprisingly, however, MTO does appear to have had an impact on the 
earnings of children who potentially had the longest exposures to low-poverty neighborhoods. 
Children whose families moved as a part of MTO before their thirteenth birthday did experience 
higher earnings in adulthood; in contrast, kids moving after age 13 had somewhat lower earnings 
(Chetty et al 2016). There are several ways this finding can be interpreted. First, the duration of 
exposure to a (dis)advantaged neighborhood is particularly important for its effects on adult 
earnings. Second, there are social and psychic costs to moving, and these costs offset potential 
gains in the short term. Third, childhood and early adolescence may be sensitive periods for 
neighborhood effects early in the life course. 
Two smaller-scale quasi-experiments also produced significant changes in earnings by 
moving individuals from disadvantaged to advantaged neighborhoods. In the Mount Laurel case, 
three to ten years after moving to the development (mean = 6.1), adult residents earned roughly 
$6,300 more than a comparable group of individuals who did not move to the development 
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(Casciano and Massey 2012-b). Similarly, adults moving to middle-income neighborhoods in 
Yonkers, NY were more likely to be employed and not receiving welfare than adults staying in 
low-income neighborhoods two years (Fauth et al 2004) and seven years (Fauth et al 2008) after 
moving. These Mount Laurel and Yonkers experiments lend further credence to the notion that 
prolonged neighborhood exposures matter. In contrast to MTO where adults often quickly 
moved back to disadvantaged neighborhoods or lived in neighborhoods experiencing declines in 
overall quality, participants in the smaller experiments had long-term improvements in 
neighborhood conditions. For example, a full 85 percent of initial movers in the Yonkers 
experiment remained in their new neighborhoods seven years after treatment (Fauth et al 2008). 
Moreover, in Mount Laurel, the benefits of living in a middle class neighborhood seem to 
accumulate with each additional year of residence (Casciano and Massey 2012-b). 
Recent non-experimental findings further reinforce the idea that prolonged exposure to 
neighborhood disadvantage yields the worst consequences. Leveraging tax return data from 
1996-2012, Chetty and Hendren (2016-b) find that within-sibling differences in the economic 
characteristics of the counties in which children grow up have a strong impact on income. For 
children in low-income families, spending one additional year in a county that produces one-
standard deviation higher economic outcomes for its children is associated with a 0.5 percent 
increase in income at age 26. Extrapolating across the early life course, the authors conclude that 
growing up in a one standard deviation better county increases income at age 26 by 10 percent. 
This effect is strong enough to explain one-fifth of the black-white income gap (Chetty and 
Hendren 2016-b). These results are not sensitive to counties as the unit of analysis; Chetty and 
Hendren (2016-a) also find that the economic characteristics of commuting zones are related to 
children’s income in proportion to their time spent in the zone. 
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Hypothesis 1 (H1): Prolonged exposure to disadvantaged neighborhoods will depress 
income more strongly than episodic exposure. 
Despite the increasing confidence that neighborhood conditions do affect income, 
outstanding questions about this relationship remain. Most studies continue to focus on the early 
life course; of the research reviewed above, only one study (Vartanian and Buck 2005) has an 
explicit focus on income into an adult’s forties. Many of the remainder focus on income during 
the late twenties and thirties, which continues to be a fairly unstable period for income across the 
life course. In addition, although there are some exceptions (e.g., Casciano and Massey 2012-b), 
the potential causal mechanisms through which neighborhoods affect income remain under-
studies. 
Research exploring how neighborhoods influence income is not confined to the United 
States. Several studies using data from Sweden find that the socioeconomic characteristics of an 
individuals’ neighborhoods during adulthood have an important relationship with their 
employment and incomes (Andersson et al 2007; Galster et al 2008; Galster et al 2014; Galster et 
al 2016; Hedman et al 2015; Musterd and Andersson 2006). Although these studies agree that 
neighborhoods are important, they diverge in their findings regarding what types of 
neighborhoods matter and for whom they matter most. Whereas some research finds that 
exposure to high levels of low-income neighbors has the strongest relationship with adult income 
(Andersson et al 2007; Galster et al 2014), other research concludes that middle- and high-
income neighbors have a stronger relationship with income growth (Galster et al 2016). Research 
is similarly discordant regarding gender effect heterogeneity – whether effects are stronger for 
men (Andersson et al 2007; Galster et al 2008) or women (Galster et al 2016) – and class effect 
heterogeneity (Andersson et al 2007; Galster et al 2016). Ultimately, although studies using 
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Swedish data provide clear evidence that neighborhood effects are not uniform, they do not offer 
consistent findings regarding the nature of effect heterogeneity. Research on Sweden also sheds 
little light on the causal processes that may be behind neighborhood effects. These aspects of 
neighborhood effects – mechanisms and heterogeneity – are worth greater attention. 
Potential Mechanisms 
There are three prominent hypotheses explaining why neighborhood disadvantage is 
related to employment outcomes: spatial mismatch, neighborhood disorder, and job networks. 
Wilson (1987) popularized the idea of spatial mismatch for the neighborhood effects literature 
when he noted how the movement of jobs from city centers to suburbs left low-income black 
residents of the urban core geographically isolated from the jobs. Several literature reviews 
(Fernandez and Su 2004; Holzer 1990; Ihlanfeldt and Sjoquist 1998; Kain 1992) conclude that 
the weight of empirical evidence indicates that spatial mismatch explains, at least in part, 
reduced employment for residents of disadvantaged neighborhoods. Mismatch also explains at 
least a portion of the black-white employment gap. 
Neighborhood disorder also represents a potential mechanism for neighborhood effects 
on income. Casciano and Massey (2012-b) find that roughly one-sixth of the $6,300 increase in 
annual income among individuals moving to the Ethel Lawrence Homes (ELH) in Mount Laurel 
results from a reduction in exposure to features of neighborhood disorder: homelessness, drug 
use and dealing, violence, and gang activity. They further observe that the decrease in disorder 
affects income by reducing the number of stressful life events (illness, injury, unintended 
pregnancy, job loss, arrest, incarceration) experienced by ELH residents. In fact, this pathway 
may be related to the spatial mismatch hypothesis. As Wilson (1996) argues in When Work 
Disappears, spatially-isolated unemployment may be a root cause of crime, drug use, and non-
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marital fertility. If so, then spatial mismatch would remain the operative mechanism for 
neighborhood effects with behavioral outcomes as potential mediators. 
The importance of space does not preclude the influence networks. There is a clear 
relationship between social networks and employment (Granovetter 1973; Lin 1999), although it 
is important to disentangle network effects from network or friendship homophily (Mouw 2003). 
Still, not all networks are equally beneficial. Personal contacts only yield a wage premium when 
they are activated to fill jobs through “nonsearch” procedures – the employer using the tie to 
contact and hire the employee rather than the employee contacting the employer. This nonsearch 
procedure is most likely used to fill high-status, managerial jobs (Elliott 2000).  
There are also racial differences in the utility of network ties for employment. Latinos are 
more likely than blacks to gain employment through their social networks, and although the 
Latino advantage shrinks for residents of impoverished, segregated communities, Latinos remain 
more likely than blacks in such communities to use neighbor contacts (Elliot and Sims 2001). 
Blacks may not capitalize on their network ties as efficiently as whites or Latinos because of a 
premium placed on individuals’ reputations, as well as a general reluctance to refer, by blacks’ 
potential job contacts (Smith 2005; Smith 2010). This may be especially damaging for native-
born blacks as small business owners in black communities prefer hiring black immigrants to 
hiring native-born blacks (Lee 1998). Examining racial employment segregation, Mouw (2002) 
finds that networks may be just as powerful a predictor as spatial mismatch. Although the 
relative weight of spatial mismatch versus social networks may be open to debate, both are likely 
causes of the relationship between neighborhood conditions and employment outcomes. 
The key distinction between these three mechanisms may be the populations affected. 
Spatial mismatch and neighborhood disorder provide explanations for neighborhood effects on 
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low-income populations living in concentrated disadvantage. Behavioral outcomes like crime, 
incarceration, and drug use are testable mediators of any relationship between neighborhood 
disorder and income. This is not to say advantaged populations would be unaffected by living in 
such neighborhoods. Rather, they generally do not live in highly-disadvantaged neighborhoods, 
and the concentration of poverty arose from geographic isolation fueled in part by middle class 
out-migration. Social networks, on the other hand, could explain neighborhood effects on income 
across all levels of advantage. Low-income individuals, especially low-income blacks, residing 
in concentrated disadvantage may have fewer potential job contacts and be less able to activate 
these contacts. Inversely, upper class populations residing in advantaged neighborhoods could 
have wider, readily accessible networks. 
H2: From the spatial mismatch or neighborhood disorder perspective(s), neighborhood 
effects on income will be concentrated at the bottom end of the income distribution.  
H3: From a social networks perspective, neighborhood effects on income will be broad-
based or concentrated at the top end of the distribution. 
Heterogeneity in Neighborhood Effects 
The notion that neighborhood effects vary across different types of individuals is 
increasing in salience. Recent literature reviews argue that there is a “tremendous need” to 
explore effect heterogeneity (Sharkey and Faber 2014, p. 573) and that such research will be 
“important in considering policy trade-offs” (Harding et al 2011, p. 292). Two of the most 
common types of heterogeneity researchers examine are differences by socioeconomic and 
demographic characteristics. Just as in Sweden, the limited research examining heterogeneity in 
America has not produced uniform results. 
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My review of potential neighborhood effect mechanisms underscores how and why 
neighborhood effects may vary across economic classes. Unfortunately, empirical evidence on 
this front is limited. In the only study examining class-based heterogeneity in neighborhood 
effects on income, Casciano and Massey (2012-b) find that moving to the ELH in Mount Laurel 
seemed to improve economic outcomes only for those adults who had at least a high school 
degree. Research examining neighborhood effects on educational attainment of children and 
adolescents provides competing expectations for class heterogeneity. Wodtke and colleagues 
(2016) find that living in a disadvantaged neighborhood negatively affects the odds of graduating 
from high school, and the effect is stronger for children in low-income families. In contrast, Levy 
(2015) observes that living in concentrated poverty during adolescence is negatively related to 
college graduation odds – but only for relatively-advantaged adolescents least likely to be living 
in such neighborhoods. 
Gender effect heterogeneity has received greater attention. Two studies examining how 
neighborhood and community economic vitality during adolescence affects economic outcomes 
in emerging/young adulthood find stronger impacts for males than females (Chetty and Hendren 
2016-b; Holloway and Mulherin 2004). A different pattern emerges when examining 
neighborhood effects during childhood. The MTO treatment produced a particularly strong 
decline in arrest rates for girls (Kling et al 2005) and may have actually increased behavioral 
problems for boys (Sanbonmatsu et al 2006). Girls may have been better positioned to benefit 
from destination neighborhoods because of gender differences in leisure activities, peer 
associations, and cultural logics. Specifically, boys moving to low-poverty neighborhoods were 
more likely than girls to associate with delinquent peers and thus experience monitoring by 
neighbors and police; they also were less likely to develop “survival strategies” for high-poverty 
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neighborhoods that could prove important if they – as many did – return to disadvantaged 
residential contexts (Clampet-Lundquist et al 2011). The differences in gender heterogeneity 
reported here could result from sample-specific findings, or they may reflect gender variation 
across the life course with neighborhoods being more important for girls in adolescence and 
males in adulthood. 
H4: Neighborhood effects on income in adulthood will be stronger for males than females. 
Finally, there is also limited – and conflicting – evidence for racial heterogeneity in 
neighborhood effects on income. Using a traditional regression control design, Datcher (1982) 
finds that the association between the income level of adolescents’ communities and their 
earnings in young adulthood is stronger for whites than blacks. This finding contrasts with 
research observing a stronger reduction in the odds of high school graduation for black youth 
residing in disadvantaged neighborhoods than white youth residing in such neighborhoods 
(Wodtke et al 2011).  Sharkey (2012) develops a novel method to adjust for nonrandom selection 
into and out of neighborhoods and finds that among a sample of black children, reductions in 
concentrated disadvantage increase income in emerging/young adulthood. Racial heterogeneity 
is an important topic as there are sharp differences in the levels of neighborhood disadvantage 
between blacks and whites in America (Massey and Denton 1993; Sampson and Sharkey 2008). 
Still, the evidence on racial heterogeneity in neighborhood effects on adult income is limited. 
Ultimately, the literature on neighborhood effects offers several broad conclusions. First, 
prolonged exposure to disadvantage is worse than episodic exposure. The experiments producing 
long-term change in residential context (Gautreaux, Mount Laurel, and Yonkers) yielded much 
stronger impacts than MTO, which only produced short-term changes. This conclusion aligns 
with results from a growing non-experimental literature (Chetty and Hendren 2016-a Sharkey 
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and Elwerr 2011; Sharkey and Faber 2014; Wodtke et al 2011). Second, neighborhood effects 
into middle adulthood are an under-explored area of research. The one study in the United States 
that does investigate this question finds that effects may be stronger and broader – both 
advantaged and disadvantaged neighborhoods matter (Vartanian and Buck 2005). Third, 
additional research on the mechanisms for and heterogeneity of neighborhood effects is 
necessary (Harding et al 2011; Sharkey and Faber 2014). Current findings often diverge and pose 
conflicting pictures of how and for whom neighborhoods matter. 
Data 
This chapter uses two cohorts of the National Longitudinal Survey of Youth – 
adolescents first surveyed in 1979 (NLSY79) and 1997 (NLSY97) – to analyze neighborhood 
effects on income across the life course and over time. The NLSY79 and NLSY97 are ongoing, 
nationally-representative, longitudinal panel surveys of nearly ten-thousand individuals who 
were age 14-21 on January 1, 1979 and nine-thousand individuals age 12-17 in 1997 (Bureau of 
Labor Statistics, n.d.-a). The NLSY79 surveyed respondents annually from 1979-1994 and has 
surveyed biennially since then. The NLSY97 has surveyed respondents annually since 1997. 
During the first waves of both surveys, the NLS also gathered information on the parents of 
survey participants. For both surveys, I include in the analytic sample individuals completing a 
survey in each wave – approximately 5,010 individuals from the NLSY79 and 4,970 individuals 
from the NLSY97. When analyzing period variation in neighborhood effects, I restrict analyses 
to ages that overlap across the NLSY79 and NLSY97. The NLS provides sampling weights to 
ensure these complete-panel subsamples remain nationally representative. 
The NLS provides census tract identifiers using Census 2010 boundaries based on 
geocoded home address data for participants at each survey wave. To merge data on participants’ 
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neighborhoods, I use the Longitudinal Tract Database (LTDB) to recalculate tract-level 
demographics from the 1970-2000 decennial censuses at the 2010 tract boundaries (Logan et al 
2014). The LTDB and Social Explorer provide decennial census data. I linearly interpolate tract 
characteristics for the intercensal years and merge these data to individuals using the NLS-
provided geocode. 
The dependent variable is income from wages, salary, commissions, or tips from all jobs 
– before deductions for taxes or anything else. Income includes money earned by respondents 
only. The NLS surveys income at each wave and asks respondents to report their total income 
during the previous calendar year. The top two percent of income earners at each wave have their 
incomes top coded as the mean of that group. I adjust income, as well as all other monetary 
variables, to 2012 constant dollars. 
I measure neighborhood disadvantage using the primary factor from a principal 
components analysis of seven tract-level characteristics: poverty, unemployment, female-headed 
households, welfare receipt, residents without a high school diploma, residents with a college 
degree (negative loading), and workers holding managerial or professional jobs (negative 
loading) (Sharkey and Elwert 2011; Wodtke et al 2011). To test whether neighborhood effects 
strengthen as exposure to disadvantaged neighborhoods accumulates, I operationalize 
neighborhood disadvantage in two ways: disadvantage in the year prior to outcome (income) and 
cumulative disadvantage up to the year prior to outcome. 
To adjust for potential selection bias, I include a range of control variables that reflect the 
current state of knowledge regarding non-random selection into neighborhoods (Harding 2003; 
Quillian 2003; Sampson and Sharkey 2008; Wodtke et al 2011). Among these controls is the 
level of neighborhood disadvantage during a respondent’s prior survey year, which accounts for 
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unobserved selection that is correlated over the survey waves. I discuss the control variables as 
time-invariant and time-varying because this distinction will affect how I include them in the 
analysis. 
For the NLSY79 sample, time-invariant controls include race/ethnicity, sex 
(male/female), immigrant generation, foreign language spoken during childhood, parental 
education, parental employment skill level, and childhood family structure. The NLS classifies 
individuals as non-Hispanic black, non-Hispanic white/other, or Hispanic based on data gathered 
during the 1978 household screening interview; these classifications strongly align with 
respondent-provided race and ethnicity from the 1979 interview.8 Immigrant generation is a 
dummy variable distinguishing individuals who are second-generation Americans from those 
that are third-generation or greater, and foreign language is a dummy identifying respondents 
primarily speaking a foreign language in their childhood home. Parental education reflects the 
resident parent’s highest level of education (less than high school diploma, high school diploma, 
some college, or bachelor's or higher). Parental employment skill level is the highest skill level 
of a job worked by a resident parent (unskilled, clerk/sales, skilled manual, 
manager/professional). Childhood family structure is a multinomial variable coded as always 
living with two biological parents, always living with one and never the other biological parent, 
one biological parent joining or leaving the household at any point (while the other is always 
present), never living with either of one’s biological parents, or other structure. 
For the NLSY97 sample, the time-invariant controls are broadly similar with only a few 
differences. Race/ethnicity, sex, immigrant generation, foreign language spoken during 
																																																						
8 Although racial and ethnic identification are fluid over time (Harris and Sim 2002), I use a time-invariant measure 
gathered prior to the study window because self-identification can be endogenous to wellbeing (Saperstein and 
Penner 2012). 
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childhood, parental education, and childhood family structure are included in the NLSY97 and 
coded in the same manner. Parental employment skill level is not included in the NLSY97; 
instead, I measure parental status using parent’s wealth in 1997. I also include the respondent’s 
mother’s age at her first birth and age at respondent’s birth. 
Time-varying controls for the NLSY79 sample include information about the respondent, 
the respondent’s family, and the head of the respondent’s household, which can be the 
respondent. Respondent controls are educational attainment (same categories as above), age in 
years, a dummy for active membership in the Armed Forces, and marital status, which is coded 
as never married, married, separated, divorced, or widowed. Controls for characteristics of the 
respondent’s family are family size, a dummy for home ownership status, a dummy for whether 
the respondent’s family moved since the last survey wave, family income-to-needs ratio, and a 
dummy variable for public assistance receipt. Income-to-needs is the ratio of family income to 
the federal poverty threshold corresponding to the family’s size. Controls for the head of the 
respondent’s household are the number of jobs worked in the past year, number of hours per 
week worked in the past year, and percentages of weeks worked, unemployed, and not in the 
labor force in the past year. 
The time-varying controls for the NLSY97 sample are the same as those for the NLSY79 
sample with three additional controls providing information about the respondent. First, I control 
for the number of months in a year during which the respondent received unemployment 
insurance. In addition, I control for the number of biological children that a respondent has, as 
well as the number of those biological children that do not reside with the respondent. 
Finally, the NLSY97 includes three stressful life events that could mediate neighborhood 
effects on income. Drug use is a dummy variable capturing whether the respondent has used 
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cocaine, heroin, or another hard drug not prescribed by a doctor (excluding alcohol and 
marijuana) since the last interview. Conviction is a dummy variable identifying whether the 
respondent was convicted of, found delinquent of, or plead guilty to any charges during the 
survey year. Incarceration is a dummy variable identifying whether the respondent had been 
incarcerated at some point during the survey year. As with my neighborhood disadvantage 
variable, I test a single-year (point-in-time) version of incarceration, as well as a cumulative 
version that averages values of the variable from wave 1 to current survey wave. 
Methods 
As I discussed in greater detail in Chapter Two, there are several econometric challenges 
associated with analyzing neighborhood effects across the life course. First, neighborhood 
conditions are endogenous to a range of variables that also are related to economic outcomes 
(e.g., educational attainment, employment, family structure, etc.). Fortunately, the NLSY 
includes a broad spectrum of control variables that reflect all known characteristics that strongly 
influence neighborhood selection (Sampson and Sharkey 2008; Quillian 2003). The panel 
structure of the data also enables me to use lagged neighborhood conditions as a predictor for 
current neighborhood disadvantage, which further controls for unobserved selection effects that 
are constant between two survey waves.  
Second, including time-varying controls when analyzing neighborhood effects potentially 
biases parameter estimates in two ways: over-controlling (Sharkey and Elwert 2011; Wodtke et 
al 2011) and collider-stratification bias (Greenland 2003). The former occurs when some of the 
distal neighborhood effect is captured by a time-varying mediator that is included in the 
regression model as a control. The latter occurs when an unobserved confounder affects both the 
time-varying control and outcome variable; if the control is included in the regression model, 
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then the unknown relationship between the confounder and outcome is spuriously included in the 
estimated neighborhood effect. Inverse-probability-of-treatment-weighted marginal structural 
models (IPTW MSMs) provide a solution to both of these problems without requiring any 
additional assumptions beyond those of traditional regression models (Robins 1998; Robins et al 
2000; Wodtke et al 2011). 
Third, the NLSY provides annual measures of income and neighborhood characteristics 
across many waves. Because neighborhood conditions and income can each have a causal effect 
on the other, estimating accurate effects and avoiding reverse causation is important. To avoid 
reverse-causation, I will estimate income at time t (!") as a function of a lagged measure of 
neighborhood disadvantage (#"$%), time-invariant controls (&'), year dummies (("), and an error 
term ()"): !" = #"$% + &' + !' + (" + )" 
To adjust for time-varying confounding, I weight this analytic model using IPTWs estimated in a 
first-stage regression model. I predict neighborhood disadvantage at time t (#") as a function of 
lagged neighborhood disadvantage, contemporaneous income9, lagged time-varying controls10 
(,"$%), time-invariant controls, a linear trend parameter (-"), and an error term (."): #" = #"$% + !" + ,"$% + &' + !' + -" + ." 
Neighborhood disadvantage is a continuous treatment variable, which represents an 
advance on prior studies of neighborhood effects that use dichotomous or ordinal treatments 
(e.g., Sharkey and Elwert 2011; Wodtke et al 2011; Wodtke et al 2016). Naimi and colleagues 
																																																						
9 When the NLSY79 switches to a biennial survey, the income control becomes a one-year lag of income. 
 
10 I do not lag age, family size, marital status, and educational attainment. These covariates seem less likely to be 
causally affected by contemporaneous neighborhood disadvantage than to affect short-term neighborhood selection. 
Hence, it is important to measure them as proximally as possible to the measure of neighborhood disadvantage. 
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(2014) describe how to use a continuous treatment variable with an IPTW estimation strategy; 
specifically, by categorizing neighborhood treatment into ten deciles and estimating ordered 
logits of disadvantage levels for the first-stage regression models, I can calculate weights that are 
efficient for use with a continuous treatment variable in the second stage (outcome) models. 
Thus, for my models predicting the effect of a single year of neighborhood disadvantage level on 
income in the subsequent year, I calculate the IPTW as: 
/0 = 12(#" = 4"|#"$%, &', !', -")12(#" = 4"|#"$%, &', !', !", ,	"$%, -") 
where 
#" = 1					if	4"
∗ < >%										2					if	>% < 4"∗ < >@3					if	>@ < 4"∗ < >B…10					if	>E < 4"∗										 
For the models predicting the effect of cumulative neighborhood disadvantage on income in the 
subsequent year, I calculate the IPTW as: 
/0 = 12(#" = 4"|#"$%, &', !', -")12(#" = 4"|#"$%, &', !', !", ,	"$%, -")F"G%  
and the IPTW effect model as: 
!" = #FFG"$%FG%H − 1 + &' + !' + (" + )" 
I follow standard practice (Cole and Hernán 2008) and truncate IPTWs at the 1st and 99th 
percentiles by recoding weights outside those bounds to the value at the relevant threshold. 
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Results are not sensitive to race stratification of the selection models, so I do not stratify the 
neighborhood selection models.11 
Finally, I will note that although IPTW MSMs provide an improvement over traditional 
regression techniques, they still make the strong, untestable assumption of no unmeasured 
confounding. The controls I include that reflect current knowledge of neighborhood selection 
provide some assurance that neighborhood endogeneity is not a sizeable problem. To provide 
greater assurance, however, I also leverage the repeated-outcome measures to estimate an IPTW 
MSM with individual effects that control for unobserved, time-invariant confounding. Given the 
unique properties of the estimator I use for the outcome models, which I will describe below, I 
operationalize these individual effects as dummy variables for each individual.12 Thus, for the 
models using cumulative neighborhood disadvantage, I estimate: 
!" = #FFG"$%FG%H − 1 + &' + !' + (J + (" + )" 
where (J are the individual effects.13 
In addition to potential issues associated with neighborhood endogeneity, the challenges 
related to econometric models of income are well known. Income is not normally distributed and 
has a long right-tail, which results in high-income individuals skewing the results of traditional 
																																																						
11 For the first imputed data set, the overall correlation of IPTWs from the race-stratified and non-stratified models is 
over 0.9. The correlation within each racial subgroup is over 0.85. Moreover, results using race-stratified IPTWs in 
models were substantively similar to those using non-stratified IPTWs. To expedite the already-extensive computing 
time, I do not stratify the selection models estimating IPTWs. 
 
12 Because of the computational challenges associated with including thousands of dummy variables in the model, I 
use Stata’s areg command to absorb the individual effects. This command is designed for situations where the 
number of groups does not grow as the sample size increases. This is plausibly the case with the NLSY as the 
Surveys follow the same set of respondents over time, and my sample size increases with additional response waves. 
The command produces the same parameter estimates as xtreg, and standard errors are only different if the 
vce(cluster) option is specified following xtreg. Given my estimator (described below), the vce(cluster) option is not 
necessary. So, areg produces the same output as xtreg. 
 
13 Despite the individual effects term, it is important to include time-invariant covariates in the second-stage 
regressions because some variables are missing data and thus may be imputed as different values at different ages. 
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OLS regression analyses. There are two potential solutions to this problem: an inverse-
hyperbolic sine transformation of income, which is analogous to the natural log but allows zeros, 
or quantile regression. Quantile regression has two advantages. First, it permits analysis of raw 
income, which eases interpretability. Second, it analyzes treatment effects at different parts of the 
income distribution, which enables exploration of neighborhood effect heterogeneity. 
Sociologists are increasingly using quantile regression analysis and have recently applied 
the technique to analyze the motherhood penalty on income (Budig and Hodges 2010). When 
data are cross-sectional and at a single level of analysis, estimation can be fairly straightforward. 
The NLS provides longitudinal, multilevel data, however, and using quantile regression with 
control variables, fixed effects, or other multilevel models is more complicated (Budig and 
Hodges 2014; Killewald and Bearak 2014). For example, consider the simple case where I intend 
to estimate a quantile regression model exploring the impact of living in a disadvantaged 
neighborhood on income across the income distribution, adjusting for educational attainment and 
employment status. By including these control variables, I am actually estimating neighborhood 
effects at various points in the conditional distribution of income. So, at the 80th percentile of the 
conditional income distribution, I am estimating neighborhood effects for individuals who have 
relatively high incomes compared to what we would expect given their education and 
employment – a substantively different question that analyzing neighborhood effects across the 
unconditional income distribution. Although both may be interesting, the latter question is likely 
to have more practical relevance and policy application. As the number of parameters or fixed 
effects increases, this problem with traditional (conditional) quantile regression compounds. 
Fortunately, Firpo, Fortin, and Lemieux (2009) describe an unconditional quantile 
regression (UQR) model that alleviates these empirical challenges while preserving the ability to 
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adjust for factors affecting selection into treatment. The UQR model uses a transformation of the 
dependent variable – the recentered influence function (RIF) – which is calculated as: 
KLM !;	OPMQ = OP + 2 − 1{! ≤ OP}UV(OP)  
where ! is the outcome variable (income), OP is the value of income at quantile r, MQ is the 
cumulative distribution function of income, and UV(OP) is the density of income at OP. After 
calculating the RIF, UCR models can then be estimated using OLS regression with the RIF as 
the dependent variable. Thus, the RIF of income (!∗) is my outcome variable for the treatment 
effect (second stage) IPTW MSMs: 
!"∗ = #FFG"$%FG%H − 1 + &' + !' + (J + (" + )" 
Two recent analyses (Budig and Hodges 2014; Killewald and Bearak 2014) use UQR to re-
estimate the motherhood penalty on wages and further discuss the methodology. 
I impose several sample restrictions that reduce the sample size of observations in my 
analytic model. First, given the requirements of a fixed effects model, I include in the 
neighborhood effects estimation model only individuals with at least two survey waves in which 
they report being employed and earning nonzero income after turning age 25. I restrict the 
analysis to person-years at which an individual is age 25 or greater as income prior to this cutoff 
is particularly volatile and can be negatively related to the pursuit of postsecondary education 
(Shin and Solon 2011; Solon 1992). Lastly, I restrict the samples of NLSY79 and NLSY97 
respondents to those individuals responding to each survey wave. This results in approximately 
4,890 individuals and 63,920 person-years for the NLSY79 and 4,655 individuals and 20,020 
person-years for the NLSY97. I maintain roughly 39 percent and 52 percent of the original 
respondents from the NLSY79 and NLSY97, respectively. Not only does this dramatically 
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reduce issues related to missing data, but I also capitalize on sampling weights for complete-
panel respondents provided by the NLS that account for over-sampling of certain population in 
the initial sampling frame, as well as non-random attrition across waves (Macurdy et al 1998). 
Missing data is less problematic given my sample restrictions, and I use multiple 
imputation with chained equations (MICE) and fifty imputed datasets to address outstanding 
issues associated with item non-response (White et al 2011). MICE assumes that data are 
missing at random, which is a strong assumption but less conservative than the missing 
completely at random assumption made when using listwise deletion. I use an inverse-hyperbolic 
since transformation of income in the imputation models to provide better regression estimates 
and then transform the variable back to raw dollars following imputation. Table 3.1 provides 
information on the prevalence of missing data for both samples. Given the relatively small 
amount of missing data, results should not be sensitive to my strategy for dealing with missing 
data. 
Results and Discussion 
Table 3.2 presents the correlation coefficients between income and neighborhood 
variables for both samples. In the NLSY79, there is a moderate, negative relationship between 
neighborhood disadvantage and income. This bivariate relationship is actually somewhat 
stronger when I measure neighborhood conditions each year as opposed to in a cumulative 
fashion. The relationships are essentially unchanged when using raw income versus an inverse-
hyperbolic sine transformation of income. The results for the NLSY97 sample are quite 
comparable with the only notable difference being the strong similarity in correlation coefficients 
when using one-year measures of neighborhood disadvantage and a cumulative measure. 
Although these results are suggestive of a relationship between neighborhood conditions and 
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income, a multivariate design that more rigorously controls for neighborhood endogeneity is 
necessary. 
I begin by examining neighborhood effects on income using the NLSY79, which allows 
me to study this relationship from age 25 to roughly age 50. Table 3.3 presents the results of 
several models of the overall neighborhood effect. Model 1 estimates an IPTW marginal 
structural unconstrained quantile regression model using a cumulative exposure specification of 
neighborhood disadvantage without individual fixed effects. For illustrative purposes, the results 
of a similarly-specified OLS model appear at the top of the table. There is clear heterogeneity 
across the income distribution in the relationship between neighborhoods and income; this 
variation is masked by the OLS model. Model 1 indicates that at the bottom end of the income 
distribution, neighborhood disadvantage is negatively related to income. For instance, an 
individual at the tenth percentile of the income distribution that experiences a one-unit increase 
in cumulative neighborhood disadvantage earns roughly $520 less per year. At the middle and 
top of the income distribution, on the other hand, neighborhood disadvantage is not related to 
income. This finding would be consistent with the spatial mismatch or neighborhood disorder 
perspectives. Still, there may be unobserved heterogeneity between individuals biasing this 
estimated relationship. I now proceed to the fixed effects framework to better account for this 
possibility. 
Model 2 adds individual fixed effects to the specification in Model 1, and the changes are 
dramatic. Neighborhood disadvantage no longer has a negative relationship with income at the 
bottom end of the income distribution; instead, it has a positive relationship. This finding is 
counterintuitive and worth additional exploration. Equally noteworthy, however, is the strong, 
negative relationship between neighborhood disadvantage and incomes at the top of the income 
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distribution. In a pooled OLS model, this top-end neighborhood effect would dominate the 
results and mask the sizeable heterogeneity I find with UQR models. This is not the first research 
to observe stronger neighborhood effects when using fixed effects models compared to models 
not restricting analysis to within-individual variation (e.g., Galster et al 2014; Vartanian and 
Buck 2005). Nevertheless, the magnitude of the reversal in relationships between Models 1 and 2 
highlights the importance of adjusting for unobserved between-individual confounding when 
estimating neighborhood effects on income. 
Model 3 is similar to Model 2 but replaces the cumulative exposure treatment variable 
with a variable measuring only neighborhood disadvantage in a given year. The pattern of the 
findings is consistent, but there are some important differences. First, disadvantaged 
neighborhoods are no longer positively related to income at the bottom end of the income 
distribution. Second, disadvantaged neighborhood continue to have a negative relationship with 
income at the top of the distribution, but the impact is greatly attenuated from that estimated in 
Model 2 using a cumulative exposure treatment. Contrary to the bivariate results presented in 
Table 3.2, then, the multivariate models with a strong control for selection effects indicate that it 
is prolonged exposure to neighborhood disadvantage that most impacts future income. 
Although the cumulative exposure specification is preferred, I maintain an annual 
measure of neighborhood conditions in Model 4 to test for potential sensitive periods in the life 
course. A cumulative exposure specification would complicate interpretation of a time 
interaction term. Again, the results strongly diverge between the poles of the income distribution. 
At the bottom of the income distribution, disadvantaged neighborhoods are negatively related to 
income early in the life course, but this impact wanes as individuals age. At the top of the income 
distribution, increases in neighborhood disadvantage are actually positively related to income 
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early in the life course, but by an individual’s late twenties or early thirties this association 
reverses and becomes negative. Since neighborhood effects are most pronounced at the top end 
of the income distribution, it follows that they are also strongest later in the life course. Note that 
I cannot rule out the possibility of a significant interaction resulting from a period effect 
associated with broader macroeconomic trends. Still, results from the NLSY97 presented later in 
this chapter suggest that such an explanation would be unlikely. 
In addition to effect heterogeneity across the income distribution, I investigate racial and 
gender heterogeneity. Table 3.4 presents the results of similar models of neighborhood effects on 
income that include race and gender interaction terms. Model 1 highlights substantial racial 
heterogeneity. Whites (and other non-black, non-Hispanic individuals) at the bottom half of the 
income distribution actually have higher earnings when they live in disadvantaged 
neighborhoods. Blacks and Hispanics do not seem to reap this unexpected benefit as blacks 
particularly diverge from whites in observed neighborhood effects. At the middle of the income 
distribution, Hispanics living in disadvantaged neighborhoods experience significantly lower 
earnings that Hispanics living in more advantaged locations. At the top of the income 
distribution, there is a strong, negative relationship between neighborhood disadvantage and 
income for whites – but not Hispanics or blacks. At the ninetieth percentile of earners, whites 
experiencing a one standard deviation (1.46 unit) increase in cumulative neighborhood 
disadvantage have roughly $35,000 less in annual income – well above the amount needed for a 
family of four to subsist above the poverty line. 
Model 2 similarly finds important gender heterogeneity in neighborhood effects. 
Neighborhoods are essentially unrelated to women’s earnings, and any relationships that do exist 
are small in magnitude. The story is quite different for men. Just as with whites in Model 1, at 
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the bottom half of the income distribution, men tend to earn more when they have lived in 
neighborhoods with greater levels of disadvantage throughout their lives. At the top third of the 
income distribution, however, neighborhood disadvantage has a strong negative effect on men’s 
earnings. 
In sum, the results from the NLSY79 sample demonstrate sizeable, yet contingent, 
neighborhood effects on income. Consistent with a job contact model, the neighborhood-income 
relationship is strongest at the top end of the income distribution. There is significant 
heterogeneity in neighborhood effects as whites and males at the top end of the income 
distribution are most likely to experience an income penalty from increases in neighborhood 
disadvantage. Hispanics take a hit at the middle of the income distribution. In clear contrast to a 
spatial mismatch or social disorder model, whites and males at the bottom end of the income 
distribution earn more when living in neighborhoods with greater disadvantage. 
NLSY97 Results 
How well do these findings hold up when analyzing the more-recent NLSY97 cohort? 
Given that neighborhood effects appear most pronounced later in the life course for the NLSY79 
cohort, it seems likely that the relationships would attenuate when restricting analysis window to 
an individual’s late twenties and early thirties. Table 3.5 presents an analogous set of models to 
those in Table 3.3, and indeed Models 2-3 show no significant neighborhood effects at any point 
in the income distribution. Model 4, on the other hand, suggests a more nuanced life course 
story. Across the entire income distribution, disadvantaged neighborhoods are negatively 
associated with income early in an individual’s work history. As individuals in the 1997 cohort 
work longer, however, these relationships attenuate.14 At the bottom end of the income 
																																																						
14 Recall the NLSY79 results from Model 4 in Table 3.3. Neighborhood disadvantage was positively related to 
earnings for individuals at the top end of the income distribution early in their life courses. This attenuated over 
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distribution, these results replicate those from the NLSY79. At the top end, however, they are the 
opposite. This could result from the sample not yet aging into their forties and other high-earning 
years in the life course. Alternatively, this could reflect a new pattern of neighborhood effects 
across the life course. This question cannot be answered until more data are gathered. Because 
there is little racial or gender heterogeneity in neighborhood effects for the 1997 cohort, I do not 
present results from those analyses (available upon request). 
Cohort and Period Comparisons 
To further explore cohort or period variation in neighborhood effects, I re-estimate 
specific models for the NLSY79 cohort by splitting the sample into survey waves aligning with 
those in the NLSY97 and those reflecting ages beyond the current scope of the NLSY97. Tables 
3.6, 3.7, and 3.8 present the results of these models. Table 3.6 re-estimates Model 2 from Table 
3.3. Similar to the findings for the NLSY97 cohort, the NLSY79 cohort exhibits little 
relationship between neighborhood disadvantage and earnings in emerging adulthood. The 
negative impact of neighborhood disadvantage at the top of the income distribution does not 
emerge until the later waves for the 1979 cohort. In addition, the surprising income advantage 
associated with neighborhood disadvantage for those individuals near the bottom of the income 
distribution appears later in the life course. These results suggest that middle adulthood may be a 
sensitive period for neighborhood effects. With additional data for the 1997 cohort, such a 
pattern may yet materialize. Alternatively, neighborhoods may no longer affect income in the 
same way. This question certainly merits future research. Tables 3.7 and 3.8 reinforce the earlier 
																																																						
time, and disadvantaged neighborhoods became strongly, negatively associated with earnings. This effect pattern is 
the opposite of the time trend in neighborhood effects in the NLSY97. If a macroeconomic period effect explained 
the NLSY79 result, the time trends should be the same for the two samples. Since they are opposing, middle 
adulthood as a sensitive period of the life course for neighborhood effects on income seems a more logical 
explanation. 
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patterns of racial and gender heterogeneity in neighborhood effects for the 1979 cohort, as well 
as the strength of effects later in the life course, with one important caveat. For men, although it 
is more pronounced later in the life course, the income benefit associated with neighborhood 
disadvantage at the bottom end of the income distribution may be visible as early as emerging 
adulthood. 
Mechanisms 
This general pattern of the impact of neighborhood disadvantage – potentially beneficial 
at the bottom of the income distribution and quite detrimental at the top – is inconsistent with 
spatial mismatch or social disorder as key mechanisms for neighborhood effects on income. 
Further, it is suggestive of job contacts as the mechanism. It is well documented that individuals 
in disadvantaged social settings are more likely to use their networks as they search for jobs, but 
they also are the least likely to benefit from network contacts (Elliott 2000; Lin 1999). Instead, 
individuals who are not looking for jobs but receive an offer from a contact as part of an informal 
search process seem to reap a large wage benefit, and this is especially true for males with 
substantial work experience (McDonald and Elder 2006). If neighborhood effects on income 
operate through job contacts and contacts are most important for advantaged individuals, then we 
should observe the strongest neighborhood effects at the top of the income distribution. 
To further investigate the role of job contacts in neighborhood effects, I leverage a 
question from the 1982 wave of the NLSY79 asking respondents whether they used a personal 
contact to get their current or most recent job. The universe for this question is anyone working 
or who has worked since the last interview, which includes roughly three-quarters of 1982 
respondents. I restrict my final model to this sample and do not impute for the small amount of 
missing data. I code someone as having used a personal contact if they report using any non-
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familial contact to secure their job; everyone else is coded as not having used a contact. I do not 
include familial contacts because those relationships are less likely to reflect neighborhood 
effects. Unfortunately, the NLS asked respondents this question only once. Nevertheless, 
individuals leveraging social capital like contacts in the job search early in their careers may 
develop larger networks of contacts that they are subsequently more likely to use (Granovetter 
1995). Hence, this variable could reflect a general propensity to use contacts. 
Table 3.9 presents a re-estimation of Model 2 in Table 3.3 with an interaction term to 
distinguish neighborhood effects between individuals who did and did not use personal contacts 
to get their job proximal to 1982 interview. The differences are dramatic. At the very bottom of 
income distribution, there appears to be a negative relationship between neighborhood 
disadvantage and income for those using a contact in the early 1980s. This fits with previous 
findings that using contacts is detrimental, especially for individuals from disadvantaged 
backgrounds (Elliott 2000; Lin 1999). The counterintuitive income advantage associated with 
neighborhood disadvantage appears only for those who had not used a job contact. 
At the top of the income distribution, however, there is a strong negative relationship 
between neighborhood disadvantage and earnings for individuals not using a job contact to 
secure their 1982 job. Why might the early activation of social capital be protective for those in 
relatively-disadvantaged neighborhoods at the top of the income distribution? I lack the 
necessary data to address this question, but theory suggests a plausible explanation. If social 
capital is most beneficial for advantaged individuals (McDonald and Elder 2006), then those at 
the top of the income distribution stand to lose the most when neighborhood disadvantage 
reduces job networks. Individuals who have previously leveraged job contacts successfully – as 
job contact users who are at the top of the income distribution certainly have – may be able to 
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rely on such contacts again. Thus, these individuals could have their accumulated job networks 
as a counterweight to the limited social capital available in the more-disadvantaged 
neighborhoods in which they reside. This finding merits additional research. 
Conclusion 
Using observational panel data from two cohorts of the National Longitudinal Survey of 
Youth with an unconstrained quantile regression estimator, this research provides important new 
evidence on how and for whom neighborhoods affect life chances in adulthood. I find a sizeable, 
but variable, neighborhood effects on income for individuals who were adolescents in 1979. 
Exposure to disadvantaged neighborhoods from adolescence to middle adulthood is strongly 
related to lower earnings for individuals at the top end of the income distribution. The impact of 
neighborhoods for top earners seems to arise during an individual’s mid- to late-thirties and 
grows stronger in middle adulthood. Surprisingly, living in disadvantaged neighborhoods is 
associated with moderately higher incomes among individuals at the bottom of the income 
distribution. There is no clear theoretical explanation for this relationship, and it calls for 
additional research. For both the wage penalty associated with neighborhood disadvantage at the 
top of the income distribution and the unexpected neighborhood-income relationship at the 
bottom of the income distribution, effects are most pronounced for whites and males. 
The salience of neighborhoods for income in middle adulthood among the 1979 cohort 
may explain why I fail to observe strong neighborhood effects among individuals who were 
adolescents in 1997. Participants in the NLSY97 are in their late twenties or early thirties in the 
most recent survey wave, and at this point in the life course, the 1979 cohort exhibited little to no 
impact of neighborhood conditions on income. It will be important to observe the 1997 cohort as 
they enter middle adulthood to analyze whether neighborhood effects emerge as they did for the 
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1979 cohort or a new relationship between neighborhood and income has emerged. The findings 
from these two data sets offer important nuance to extant observational research noting a general 
relationship between neighborhood disadvantage and income (Holloway and Mulherin 2004; 
Vartanian 1999; Vartanian and Buck 2005). 
This study complements a growing body of research that finds prolonged exposure to 
disadvantaged neighborhoods to be especially detrimental for children and adolescents (Chetty 
and Hendren 2016-b; Chetty et al 2016; Sharkey and Elwert 2011; Wodtke et al 2011). In 
contrast to the bivariate correlations, multivariate results indicate that cumulative neighborhood 
disadvantage has a much stronger relationship with income than episodic exposure measured as 
annual neighborhood characteristics. This conclusion further aligns with evidence from several 
social experiments (Casciano and Massey 2012-b; Fauth et al 2008; Mendenhall et al 2006) and 
offers credence to the argument that MTO may not have impacted income because the changes 
in neighborhood poverty levels were short-lived (Clampet-Lundquist and Massey 2008; 
Sampson 2008). Moreover, MTO may have severed social and organizational ties that provide 
important resources for disadvantaged individuals living in poverty-saturated neighborhoods 
(Small et al 2008). 
Social capital and job networks seem to be a key component of neighborhood effects on 
income. In accordance with research showing that individuals in disadvantaged settings are the 
least likely to benefit from social capital (Elliott 2000; Lin 1999), I find that individuals at the 
bottom of the income distribution who (early in the life course) used a personal contact to get a 
job pay a wage penalty when living in disadvantaged neighborhoods. This penalty may result 
from potential contacts being less willing to offer references (Smith 2005; Smith 2010) or an 
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disadvantage is negatively related to income for individuals who did not use a personal contact to 
get a job early in the life course. High-status, experienced, and well-paid workers tend to reap the 
greatest benefits from their social capital (Elliott 2000; McDonald and Elder 2006; McDonald et 
al 2009). Because early use of job contacts portends the development of a more robust network 
(Granovetter 1995), individuals not building their networks early in life would seem to be most 
vulnerable to increases in neighborhood disadvantage at the top end of the income distribution. 
Unlike the strong evidence for job networks as an important component of neighborhood effects, 
I find little support for the spatial mismatch and social disorder mechanisms. 
Although this study provides new evidence on neighborhood effects at the middle of the 
life course, it is not without its limitations. First, I operationalize neighborhoods as an 
individual’s residential context using census tracts. There is an emerging conception of 
neighborhoods as broader activity spaces that cross multiple traditional tract-level boundaries 
(Browning et al 2016). This concept would likely capture even more potential job contacts and 
social resources with which individuals interact in their everyday lives and implies that the 
present estimates may be conservative. Still, the current study is consistent with the growing 
body of research attempting to estimate the impact of long-term neighborhood exposures. 
Necessarily, these studies rely on long-running surveys that only have neighborhood data 
available for residential contexts. New longitudinal data collection capturing activity spaces 
would be worthwhile. Second, the NLS offer limited data on the mechanisms that might explain 
neighborhood effects. I leverage a question asked in 1982 to gain insight into job contacts and 
social capital as key aspects of neighborhood effects, and these findings merit further 
exploration. Third, although I attempt to rigorously control for neighborhood endogeneity, all 
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observational studies make the untestable assumption of no unmeasured confounding and 
warrant caution in making causal conclusions. 
Ultimately, the levels of (dis)advantage in individuals’ neighborhoods from adolescence 
to middle adulthood are strongly related to their incomes at the middle of the life course. Social 
capital like job contacts seems to be an important component in this relationship. For 
individuals’ income attainment, then, the present study suggests that it is the social distance from 
good jobs (Elliott 2000; Granovetter 1995; McDonald and Elder 2006), as opposed to spatial 
distance (Fernandez and Su 2004; Holzer 1990), that is the most important distinction between 
neighborhoods varying in levels of (dis)advantage. 
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Table 3.1. Percentage of Person-Year Observations Missing Data on Variables in the NLSY79 
and NLSY97 Samples a 
 NLSY79 Sample NLSY97 Sample 
 ~N missing % missing ~N missing % missing 
Focal Variables     
Income 2,140 3.4% 4,750 23.7% 
NH disadvantage 8,920 14.2% 5,090 25.4% 
Time-Invariant Controls     
Race 0 0.0% 0 0.0% 
Sex 0 0.0% 0 0.0% 
Immigrant generation 0 0.0% 1,750 8.7% 
Foreign language at home 20 0.0% 1,760 8.8% 
Parent education 1,580 2.5% 1,140 5.7% 
Highest Skilled Job of Parent 7,720 12.3% --- --- 
Parental wealth --- --- 4,760 23.8% 
Childhood Family Structure 2,940 4.7% 1,920 9.6% 
Maternal age first birth --- --- 1,470 7.3% 
Maternal age respondent’s birth --- --- 1,210 6.0% 
Time-Varying Controls     
Public assistance receipt (lag) 310 0.5% 150 0.7% 
Armed Forces (lag) 90 0.1% 0 0.0% 
Moved (lag) 9,510 15.2% 210 1.0% 
Home ownership (lag) 12,150 19.4% 4,820 24.1% 
Marital status 0 0.0% 30 0.1% 
Education 210 0.3% 80 0.4% 
Age 0 0.0% 0 0.0% 
Family size 0 0.0% 0 0.0% 
Family income:needs (lag) 8,020 12.8% 2,270 11.3% 
Number of jobs (lag) 2,830 4.5% 240 1.2% 
Weeks worked (lag) 0 0.0% 160 0.8% 
Hours worked (lag) 2,690 4.3% 1,760 8.8% 
Weeks unemployed (lag) 960 1.5% 0 0.0% 
Weeks NILF (lag) 960 1.5% 0 0.0% 
UI receipt (lag) --- --- 70 0.3% 
# biological children  --- --- 20 0.1% 
# non-resident biological children --- --- 20 0.1% 
Drugs --- --- 130 0.6% 
Incarceration (lag) --- --- 740 3.7% 
Guilty (lag) --- --- 0 0.0% 
      a In any wave of the NLSY79 and NLSY97, less than 10 percent of data are missing. 
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Table 3.2. Correlation Coefficients between Income and Neighborhood Disadvantage 
  IH sine(income) Income (dollars) NH disad. NH disad. (cumu.) 
NLSY79      
IH sine(income)  1    
Income (dollars)  0.7122 1   
NH disad.  -0.2937 -0.3030 1  
NH disad. (cumu.)  -0.2229 -0.2388 0.7425 1 
      
NLSY97      
IH sine(income)  1    
Income (dollars)  0.8028 1   
NH disad.  -0.2148 -0.2418 1  
NH disad. (cumu.)  -0.2199 -0.2444 0.7174 1 
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Table 3.3. IPTW Marginal Structural UQR Models of Neighborhood Effects on Income in the 
NLSY79 Sample 
  Model 1 Model 2 Model 3 Model 4 
  ND ND ND ND ND*Y 
       
OLS Regression  559.6 -2917.2*** -810.1*** 3620.8*** -331.9*** 
  [620] [616.7] [109.5] [191.9] [14.1] 
Quantile Regression       
Quantile:       
10  -518.7*** 519.7 11.4 -660*** 50.3*** 
  [135.7] [321.6] [71.5] [118.7] [6.4] 
20  -436.4*** 939** 71.9 -886.2*** 71.8*** 
  [127.5] [294.7] [64.7] [109.3] [5.8] 
30  -337.4* 910.3** 97.4 -1057.6*** 86.5*** 
  [142] [319.8] [65] [110.6] [5.8] 
40  -265.1 671.1* 112.6† -936.1*** 78.5*** 
  [175.2] [322.7] [67.1] [107.2] [6] 
50  -216.5 920.7* 80.7 -544.2*** 46.8*** 
  [214.6] [365.6] [73.8] [113.9] [6.4] 
60  -209.8 385.8 5.8 116.8 -8.3 
  [275.8] [448.7] [87.1] [140] [8.1] 
70  -236.6 -1166.7* -357.8** 1566.5*** -144.1*** 
  [367.3] [568.6] [114.2] [184] [11.1] 
80  -48.2 -4640.6*** -957.7*** 4139.8*** -381.8*** 
  [675.8] [1046.1] [172.1] [280] [17.2] 
90  1087.6 -12552.5*** -2685.7*** 11289*** -1046.7*** 
  [1648.5] [2609.5] [375.1] [738.3] [56.9] 
       
~N (person-years)  63,920 63,920 63,920 63,920 
Cumulative ND  yes yes no no 
IPT weights  x x x x 
Individual fixed effects   x x x 
    † p<0.1,  * p<0.05,  ** p<0.01,  *** p<0.001 
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Table 3.4. IPTW Marginal Structural UQR Models of Neighborhood Effects on Income in the 
NLSY79 Sample with Race and Gender Interactions 
  Model 1  Model 2 
  ND ND*Hisp. ND*Black  ND ND*Fem. 
        
OLS Regression  -5508.5*** 3065.8 8681***  -8463.7*** 12081.8*** 
  [911.6] [1883.4] [1184.6]  [1044] [1252.3] 
Quantile Regression        
Quantile:        
10  953.1* -427.6 -1483.1**  2085.2*** -3409.9*** 
  [432.5] [592] [541.9]  [384.3] [547.7] 
20  1385.4*** -810.2 -1388.7**  2493.6*** -3386.1*** 
  [382.3] [550.4] [465.6]  [389] [505.7] 
30  1703.4*** -2628.3*** -2019.3***  2513.9*** -3492.6*** 
  [431.8] [621.1] [502.9]  [440.2] [544.7] 
40  1686.4*** -3521*** -2526.1***  1860.5*** -2591*** 
  [440.3] [651.6] [555.5]  [469.1] [568.6] 
50  1744.6*** -3857.7*** -1672.2*  1667.2** -1626.8* 
  [506] [699.4] [663.1]  [526] [645.3] 
60  512.3 -2935.7*** 626.8  -38.8 924.2 
  [602.5] [870.1] [811.7]  [670.5] [820.6] 
70  -2290.4** 561.8 4051.7***  -3161.8*** 4346.4*** 
  [794.1] [1255.9] [1062.2]  [842.7] [1043.7] 
80  -8258.2*** 4508.3* 12025.8***  -12002.9*** 16037.9*** 
  [1454.2] [2084.2] [1828.7]  [1675.2] [2067.2] 
90  -24012.8*** 19446.7** 36158.5***  -35539*** 50066.4*** 
  [4011.3] [6192.1] [5403.9]  [4883.1] [6716] 
        
~N (person-years)   63,920   63,920 
Cumulative ND   yes   no 
IPT weights   x   x 
Indiv. fixed effects   x   x 
† p<0.1,  * p<0.05,  ** p<0.01,  *** p<0.001 
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Table 3.5. IPTW Marginal Structural UQR Models of Neighborhood Effects on Income in the 
NLSY97 Sample 
  Model 1 Model 2 Model 3 Model 4 
  ND ND ND ND ND*Y 
       
OLS Regression  -1501*** -719.2 34.1 4534.7*** -405.8*** 
  [424.1] [1349.3] [152.9] [829.2] [72.4] 
Quantile Regression       
Quantile:       
10  -428.6* -1173.4 -27.2 -1976.9** 166.1** 
  [214.9] [1037.1] [149.9] [695.5] [56.9] 
20  -540** -466.2 115.1 -2750.3*** 244.2*** 
  [207.3] [1017] [133.9] [605.9] [50.1] 
30  -638.2** -1038.4 26.9 -3627.3*** 311.4*** 
  [239.8] [1041.8] [141.2] [602.8] [49.9] 
40  -657.9* -1397.1 50.7 -3742.7*** 323.2*** 
  [264.5] [1119.2] [147.4] [679.4] [56.4] 
50  -671.6* -568.8 134.6 -3677.1*** 324.8*** 
  [278.9] [1152.9] [153.2] [701.4] [58.9] 
60  -1121.7*** -1185.9 71.1 -3794.7*** 329.4*** 
  [290.4] [1202.2] [155] [721.3] [59] 
70  -1389.2*** -833.3 269.5 -4463.4*** 403.3*** 
  [393.1] [1566.2] [203.2] [953] [79.2] 
80  -1747.5** -2086.5 93.7 -5679.1*** 491.9*** 
  [537.6] [2225.4] [270.6] [1240.1] [106] 
90  -2194.3* 2109.2 163.2 -5520.9** 484.3** 
  [913.1] [3457.2] [432.2] [2033.3] [173.7] 
       
~N (person-years)  20,020 20,020 20,020 20,020 
Cumulative ND  yes yes no no 
IPT weights  x x x x 
Individual fixed effects   x x x 
† p<0.1,  * p<0.05,  ** p<0.01,  *** p<0.001 
 
  
		 92 
Table 3.6. Re-Estimating Model 2 of Table 3.3 by Splitting the NLSY79 Sample into Survey 
Waves Aligning with NLSY97 vs. Waves not Aligning with NLS97 
  Data to 1990  Data Post 1990 
  ND  ND 
     
OLS Regression  468.6  -8253.2* 
  [482]  [3466.7] 
Quantile Regression     
Quantile:     
10  540.5  -787.1 
  [518.6]  [1408.3] 
20  807.6†  -419.3 
  [435.5]  [1236.8] 
30  751.5†  2163 
  [409]  [1388.8] 
40  712.2  4884.8** 
  [450.6]  [1623.8] 
50  544.3  3002.3† 
  [512.6]  [1734] 
60  653.8  -1462.1 
  [590.4]  [2477.8] 
70  764.3  -5428.3 
  [660.1]  [4054.4] 
80  1061  -14424.3† 
  [798.1]  [7926.9] 
90  1584.8  -17069.6 
  [1477.8]  [10630.6] 
     
~N (person-years)  18,780  33,010 
Cumulative ND  yes  yes 
IPT weights  x  x 
Individual fixed effects  x  x 
† p<0.1,  * p<0.05,  ** p<0.01,  *** p<0.001 
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Table 3.7. Re-Estimating Model 1 of Table 3.4 by Splitting the NLSY79 Sample into Survey 
Waves Aligning with NLSY97 vs. Waves not Aligning with NLS97 
  Data to 1990  Data Post 1990 
  ND 
ND* 
Hisp. 
ND* 
Black  ND 
ND* 
Hisp. 
ND* 
Black 
         
OLS Regression  -36.2 562.4 2124.8*  -15207.5** 7784.7 22181.5*** 
  [641.1] [947.1] [926.1]  [4971.8] [6994.5] [5784.4] 
Quantile 
Regression 
 
   
 
   
Quantile:         
10  1061.5 -1253 -1831.6†  -950.7 -241.4 674.2 
  [675.9] [1081.2] [1016.1]  [1864] [2797] [2546.9] 
20  1008.4† -921.7 -533.7  146.5 -609.9 -1804.5 
  [576] [947.3] [887.4]  [1598.2] [2478.9] [2278.3] 
30  837.7 -111.4 -342.9  3956* -2444.9 -5558.8* 
  [524.6] [904.4] [841.4]  [1810.4] [2622] [2270.8] 
40  884.3 -1085.8 -344.5  6852.2** -7622** -4411.7† 
  [608.1] [1084.8] [881.4]  [2174.5] [2937.7] [2390.5] 
50  707.7 -1205.7 -257.9  3484 -6154.7† 387.6 
  [670.8] [1209.2] [950.4]  [2257.4] [3157] [2572.9] 
60  901 -1795.6 -397.6  -2822.1 -3966.2 6212.5 
  [780.3] [1308.8] [1130.6]  [3270.3] [4442.2] [3790.5] 
70  974.6 -1732.2 -255.9  -7376.3 -4021.2 8325.8* 
  [874.4] [1300.3] [1175.8]  [5533.4] [6393.2] [5983.6] 
80  1399.1 -1527.3 -904.7  -21790.2* 7705.8 23651.1*** 
  [1075.9] [1605.7] [1437.5]  [10810] [11234.5] [11144.7] 
90  1256.5 2046.6 668.1  -42965.5** 42018.5* 78111.1 
  [1993.4] [2971.7] [2747.1]  [15270] [20830.3] [18190.7] 
         
~N (pers. yrs.)   18,780    33,010  
ND   yes    yes  
IPT weights   x    x  
Indiv. fixed effects   x    x  
† p<0.1,  * p<0.05,  ** p<0.01,  *** p<0.001 
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Table 3.8. Re-Estimating Model 2 of Table 3.4 by Splitting the NLSY79 Sample into Survey 
Waves Aligning with NLSY97 vs. Waves not Aligning with NLS97 
  Data to 1990  Data Post 1990 
  ND ND*Fem.  ND ND*Fem. 
       
OLS Regression  225.5 513.3  -16684.3** 18917** 
  [747.7] [821]  [5456.9] [5908] 
Quantile Regression       
Quantile:       
10  1172.7† -1326.5  3097.5† -8716.2*** 
  [648.1] [905.1]  [1684.8] [2432.7] 
20  1710.5** -1897.8*  3527.9* -8851.6*** 
  [582.2] [778.1]  [1608.6] [2255] 
30  1649.7** -1886.3*  6229.3*** -9120.7*** 
  [594.8] [788.3]  [1885.1] [2096.8] 
40  1799.6** -2283.7**  7662.8*** -6230.5** 
  [665] [836.7]  [2163.5] [2326.1] 
50  1415.7† -1829.5†  5271.6* -5092.9* 
  [762.7] [958.5]  [2303.5] [2517.7] 
60  1814.3* -2436.4*  907 -5318 
  [909.7] [1118.8]  [3103.2] [3794.2] 
70  1683.6 -1931.4  -2747.7 -6017.5 
  [1042.9] [1212.4]  [5195.5] [5759.5] 
80  2109.1† -2201.2  -18839.5† 9902.7 
  [1253.8] [1489.4]  [10697.3] [11288.4] 
90  2451.4 -1819  -39166.5* 49587.5** 
  [2520.8] [2715.4]  [15496.3] [18142.5] 
       
~N (person-years)  18,780  33,010 
Cumulative ND  yes  yes 
IPT weights  x  x 
Individual fixed effects  x  x 
† p<0.1,  * p<0.05,  ** p<0.01,  *** p<0.001 
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Table 3.9. IPTW Marginal Structural UQR Models of Neighborhood Effect Moderation by Use 
of a Non-Familial Contact to Secure a Job Prior to 1982 Survey Wave 
 
 
ND 
ND* 
Used Contact 
    
OLS Regression  -16377.3** 18553.5** 
  [5662.6] [6280.4] 
Quantile Regression    
Quantile:    
10  3050.2† -8538.1** 
  [1704.7] [2672.6] 
20  3472* -8669.2*** 
  [1636.4] [2547.9] 
30  6113.3** -8938.9*** 
  [2012.4] [2454.6] 
40  7509.6** -6103* 
  [2360.6] [2491.8] 
50  5219.9* -5019.8† 
  [2345.7] [2599.3] 
60  914.6 -5260.7 
  [3079] [3805] 
70  -2708.8 -5938 
  [5170.4] [5746.1] 
80  -18455.5† 9623 
  [10791.2] [11319.9] 
90  -38642.4* 48671.3* 
  [15712.3] [19185.7] 
    
~N (person-years)  53,160 
Cumulative ND  yes 
IPT weights  x 
Individual fixed effects  x 
† p<0.1,  * p<0.05,  ** p<0.01,  *** p<0.001 
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CHAPTER 4. NEIGHBORHOOD EFFECTS EARLY IN THE LIFE COURSE: HOW 
ECONOMIC DISADVANTAGE AND COLLECTIVE EFFICACY ARE RELATED TO 
EDUCATIONAL AND BEHAVIORAL OUTCOMES 
 
Social scientists recognize childhood and adolescence as critical periods of the life course 
when exposures to disadvantaged or stressful conditions can yield long-reaching impacts on life 
chances (e.g., Alexander et al 2014; Elder 1974; Elman and O’Rand 2004; Felitti et al 1998). 
Spurred by seminal studies highlighting neighborhood conditions as important determinants of 
wellbeing (e.g., Massey and Denton 1993; Wilson 1987), researchers are increasingly studying 
how exposure to disadvantaged neighborhoods starts children and youth on disadvantaged 
trajectories (e.g., Sampson et al 2008; Wodtke 2013; Wodtke et al 2011). Educational attainment 
and behavioral problems are two of the most common outcomes analyzed in research on 
neighborhood effects early in the life course, perhaps due to their salience for social 
stratification. Both are key predictors of socioeconomic outcomes and social mobility (Barrow 
and Rouse 2005; Bowles and Gintis 2002; Card 1999; Elman and O’Rand 2004; Farkas 2003; 
Heckman et al 2006; Jacob 2002; Martin et al 2010; McLeod and Kaiser 2004). A bevy of non-
experimental studies find important relationships between neighborhood conditions and 
educational and behavioral outcomes (see Sampson et al 2002 and Sharkey and Faber 2014 for 
reviews), but prominent experiments and quasi-experiments leave questions regarding causality 
(e.g., Aaronson 1998; Keels 2008; Kling et al 2005; Plotnick and Hoffman 1999; Rosenbaum 
1995; Sanbonmatsu et al 2011). 
Observational research examining neighborhood effects during childhood is a burgeoning 
field experiencing innovations on several fronts. Studies are moving beyond measurements of 
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neighborhood vitality that use dichotomous indicators of a single characteristic like poverty. 
Novel operationalizations that combine multiple characteristics using factor analysis (e.g., 
Sharkey and Elwert 2011; Wodtke et al 2011), measure and calculate theoretically-important 
social processes (e.g., Sampson 2012), or develop ecometrics from large public datasets (O’Brien 
et al 2015) are shedding new light on the role that neighborhoods play in determining life 
chances. In addition, researchers are leveraging long-running panel datasets to study how 
prolonged exposure to disadvantaged neighborhoods affect wellbeing (e.g., Sharkey and Elwert 
2011; Wodtke et al 2011). Long-term neighborhood conditions have emerged as particularly 
salient characteristics with substantially larger impacts than episodic exposures (Chetty and 
Hendren 2016-a; Sharkey and Faber 2014). Because of new developments like these, 
observational research continues to play an important role in isolating causal neighborhood 
effects (Sampson 2008; Sampson 2012). 
Despite recent innovations, there remain aspects of research on neighborhoods worth 
greater exploration. Recent reviews (Harding et al 2011; Sharkey and Faber 2014) highlight 
mechanisms of neighborhood effects and effect heterogeneity as especially salient concerns. For 
example, the literature is beginning to show that neighborhood effects are not uniform, and there 
is important variation by salient demographic characteristics like race, class, gender, and age 
(e.g., Clampet-Lundquist et al 2011; Sharkey and Elwert 2011; Wodtke 2013; Wodtke et al 
2011). In addition, taking a life course perspective on neighborhood effects may bring new 
insights regarding when and through what pathways neighborhoods matter (Elder et al 2015). 
Research in life course epidemiology highlights several pathways for effects over time: sensitive 
periods, accumulation of risk, chains of risk with triggering, and chains of risk with 
accumulation (Bauldry et al 2012; Kuh et al 2003). These outstanding questions led to the recent 
		 98 
call for greater attention to “where, when, why, and for whom […] residential contexts matter” 
(Sharkey and Faber 2014). 
The National Longitudinal Survey of Youth-1979 Cohort’s Children and Young Adults 
sample (CNLSY79) provides excellent data to further develop research on neighborhood effects 
early in the life course. Starting in 1986, the CNLSY79 provides over twenty years of 
longitudinal data on children of participants in the NLSY79. When coupled with data on their 
parents from the NLSY79, this research will provide new information on how and when 
neighborhoods affect educational and behavioral outcomes. In addition, leveraging the large 
sample of siblings, I will explore the extent to which unobserved family effects might explain 
neighborhood effects. 
This study makes seven contributions to the literatures on neighborhood effects and child 
development. First, this study brings under-utilized, yet fruitful, data to bear on the important 
question of what impacts prolonged exposure to (dis)advantaged neighborhoods has on 
educational and behavioral outcomes. Second, I estimate neighborhood effects on college 
graduation, a key outcome for future wellbeing that is understudied in research on 
neighborhoods. Third, I consider several theoretically-salient mechanisms for neighborhood 
effects on life chances. Fourth, I explore how neighborhood effects vary by race and sex, 
important demographic characteristics linked to ascriptive inequalities in the United States. Fifth, 
I incorporate a life course perspective and explore pathways and sensitive periods for 
neighborhood effects. Sixth, to my knowledge, this is the first research to combine family fixed 
effects models that provide stronger controls for unobserved selection bias with state-of-the-art 
inverse probability of treatment weighted (IPTW) marginal structural models (MSMs). Seventh, 
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as in the second and third chapters, I use IPTW MSMs with a continuous treatment variable, 
which represents an advancement on prior research using categorical treatments. 
Theories of Neighborhood Effects Early in the Life Course 
Sociologists have proposed several theoretical mechanisms through which neighborhoods 
affect life chances. Among the most prominent are a set of perspectives highlighting the social 
organization and socialization processes of neighborhoods. Collective socialization models posit 
that neighborhood adults transmit contextual (dis)advantage by serving as role models and 
evidence of local life chances. As greater numbers of adults are working and achieving economic 
success, youth are more likely to value employment and work hard believing that success is 
possible (Jencks and Mayer 1990). In essence, surrounding youth with success and resources in 
their neighborhoods facilitates their future success. Wilson’s (1987) research also argues that the 
inverse of this proposition holds, as the rise of underclass neighborhoods increased economic 
disaffection and diminished residents’ life chances. Specifically, structural economic challenges 
are associated with behavioral and attitudinal adaptations that are protective within communities 
but detrimental to life chances (Liebow 1967; Steinberg 1989). 
Along with differential socialization based on the economic opportunity and resources of 
a neighborhood, neighborhoods vary in their forms of social organization. Wilson (1987) 
observed a rise in social disorganization associated with the development of disadvantaged 
neighborhoods. A critical component of social organization is collective efficacy (Sampson 
2012; Sampson et al 1997, 1999). Neighborhoods with high levels of collective efficacy exhibit 
two important features: social cohesion and shared expectations for social control. When both are 
present, neighbors will share common values and mutual trust, which leads to a willingness to 
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intervene within the neighborhood to enforce its social norms. Ultimately, this sense of collective 
efficacy makes neighborhoods especially likely to pass along their advantages to residents. 
Collective efficacy may be an especially important mechanism for neighborhood effects 
on adolescents’ substance use and risky behaviors. Sampson and colleagues (1999) demonstrate 
how residentially instability is associated with reductions in adult-child exchanges as measured 
by intergenerational closure and neighborhood social exchanges that are important for youth. 
Such unstable neighborhoods typically develop low levels of collective efficacy, which is then 
related to greater violence and crime (Sampson 2012; Sampson et al 1997). In fact, contrary to 
the broken windows theory of crime, neighborhood disorder is unrelated to crime once 
neighborhood collective efficacy and other structural characteristics are controlled (Sampson and 
Raudenbush 1999). Adolescents who live in neighborhoods with low social control are 
themselves more likely to engage in delinquent behavior (Sampson 1997). 
A second theoretical model of neighborhoods posits that the behavior and standing of 
individuals’ peers – as opposed to adults serving as role models – affects their social orientation 
and behaviors. There are two distinct models of peer effects. The first, which is sometimes called 
the epidemic model, asserts that highly disadvantaged neighborhoods are more likely to have 
individuals behaving in antisocial or non-normative ways, and individuals growing up or 
residing in these neighborhoods are more likely to ‘catch’ the negative behavior contagion 
(Crane 1991; Jencks and Mayer 1990). The second contends that individuals judge their social 
standing in reference to their peers, and individuals that are relatively advantaged/disadvantaged 
will experience improvements/regressions in their life chances (Jencks and Mayer 1990). 
Generally, research on peer effects supports the epidemic model. Research documents a 
strong, positive relationship between individuals’ educational outcomes and their peers’ 
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educational expectations (Horn and Chen 1998), achievement (Hoxby 2000; Zimmerman 2003), 
and attainment (Hanushek et al 2003). Exploiting the randomness of first-year college 
roommates using data from two institutions, Griffith and Rask (2014) argue that peers affect 
academic achievement by transferring general academic skills. Having deviant peers, on the 
other hand, is detrimental for behavioral outcomes. A large body of research notes a significant 
relationship between peer delinquency and an individual’s odds of delinquent behaviors like 
substance use, property crime, and violence (e.g., Gaviria and Raphael 2001; Haynie 2001; 
Haynie and Osgood 2005; Helen and Stein 2002; Matsueda and Anderson 1998; Weerman 
2011). This relationship may be causal. Using a residual-change model that controls for 
neighborhood, individual, and family characteristics, as well as past violent behaviors, Stewart 
and Simons (2010) find that adolescents associating with violent peers are more likely to engage 
in violent behaviors themselves. It seems, then, that having advantaged, high-achieving, non-
delinquent peers is beneficial. 
A final model of neighborhood effects theorizes that a neighborhood’s institutions link 
community members together, and the quality of neighborhood institutions affects interactions 
and residents’ outcomes (Sampson 2011). The presence of high-quality institutions like libraries, 
schools, child care organizations, recreational centers, and medical centers that meet the needs of 
the community are theoretically associated with prosocial development and improved life 
chances (Sampson et al 2002). Schools are a likely mechanism for institutional neighborhood 
effects on education. Disadvantaged schools are related to worse educational outcomes (Duncan 
and Murnane 2011; Ma and Klinger 2000; Okpala et al 2001; Perry and McConney 2010), 
whereas attending a selective school improves educational attainment and wages (Dearden et al 
2002). School effects on education might result from differences in teacher quality and 
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expectations, curriculum rigor, and school safety (Chetty et al 2014; Rumberger and Palardy 
2005). Despite the importance of schools generally, however, empirical tests of schools as 
mediators for neighborhood effects on educational outcomes have produced null results. Two 
separate analyses of schools as mediators using two large, nationally representative datasets both 
find little to no evidence that schools mediate neighborhood effects on reading and math 
achievement (Ainsworth 2002; Wodtke and Parbst 2016).  
Research on institutional resources and quality as key features of neighborhood effects on 
behavioral outcomes is limited, but the few studies that do exist suggest that institutional effects 
may operate through a neighborhood’s social organization. Samspon (2012) observes that the 
level of financial resources possessed by nonprofits in a neighborhood is strongly predictive of 
its collective efficacy. Similarly, neighborhood nonprofit density predicts levels of altruism, and 
both collective efficacy and altruism are negatively related to neighborhood-level incidence of 
key behavioral outcomes like homicide and teenage pregnancy. In Britain, there may be a weak 
relationship between organizational participation and the crime rate at the community level 
(Veysey and Messner 1999), but analyses using neighborhoods in Chicago conclude that any 
effects of community and social service organization density on homicide rates are mediated by 
neighborhood social cohesion (Morenoff et al 2001). Analyses using data from other sites – 
including some nationally-representative data – also show that violent behaviors are not 
associated with parents’ participation in community organizations (De Coster et al 2006) or the 
prevalence of civic and social organizations (Wo 2014). 
Ultimately, the current evidence indicates that a neighborhood’s socialization processes, 
social organization, and peer characteristics are the most likely mechanisms for its effects on 
wellbeing early in the life course. Neighborhoods with economically successful adults serving as 
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role models for children and adolescents are most likely to increase academic achievement and 
educational attainment. Neighborhoods with high levels of collective efficacy discourage 
delinquency and curb behavioral problems. Likewise, at the peer level, having high-achieving 
peers that do not engage in delinquent or violent behaviors improves educational and behavioral 
outcomes. Accounting for these characteristics, a neighborhood’s institutions are not likely to 
explain any relationship between neighborhood disadvantage and life chances early in the life 
course. Given this theoretical frame, I now review research estimating the actual effect of 
residing in (dis)advantaged neighborhoods. 
Neighborhood Effects on Educational Outcomes 
Educational outcomes have received perhaps the most attention in the literature on 
neighborhood effects. A large body of observational research finds that neighborhood conditions 
are associated with both academic achievement (Ainsworth 2002; Duncan et al 1997; Entwisle et 
al 1994; Halpern-Felsher et al 1997; Sampson et al 2008; Sharkey and Elwert 2011) and 
educational attainment (Brooks-Gunn et al 1993; Crane 1991; Crowder and South 2003; 
Crowder and South 2011; Ensminger et al 1996; Garner and Raudenbush 1991; Harding 2003; 
South et al 2003; Wodtke et al 2011) in secondary schooling. Recent studies comparing the 
effects of prolonged exposure to episodic exposure further find that the influence of 
neighborhoods is much stronger when exposure to (dis)advantage is prolonged (Crowder and 
South 2011; Wodtke et al 2011).  
This relationship between neighborhoods and educational outcomes varies across salient 
demographic characteristics. Black children and children in low-income families that reside in 
disadvantaged neighborhoods have stronger reductions in their odds of high school graduation 
than white children and children in higher-income families, respectively (Wodtke et al 2011; 
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Wodtke et al 2016). Effect heterogeneity by gender is more nuanced. Regarding math 
achievement and course enrollment, boys appear more susceptible to neighborhood influences 
(Entwisle et al 1994). In terms of dropping out of high school, however, black males experience 
stronger neighborhood effects than black females (Crowder and South 2003; Ensminger et al 
1996) while white females exhibit stronger neighborhood effects than white males (Crowder and 
South 2003). 
Research examining neighborhood effects on postsecondary outcomes is more limited. 
Observational studies yield mixed results regarding neighborhood effects on college enrollment 
and graduation. Analyzing data from the National Survey of Children, South and colleagues 
(2003) find that family socioeconomic status and other background variables explain the 
relationship between neighborhood disadvantage and college matriculation. In contrast, Harding 
(2011) uses a sample from the National Longitudinal Study of Adolescent to Adult Health and 
observes that cultural heterogeneity in college attitudes within disadvantaged neighborhoods is 
negatively related to college matriculation. The only study to examine neighborhood effects on 
college graduation finds that neighborhood quality is positively related to graduation odds, but 
this relationship occurs only for white adolescents living in neighborhoods at the top third of 
neighborhood quality (Vartanian and Gleason 1999). 
Family fixed effects models, which offer stronger controls for unobserved heterogeneity 
in neighborhood selection, cast additional doubt regarding the causality of these relationships. 
Using siblings in the Panel Study of Income Dynamics, Aaronson (1998) does find a negative 
relationship between childhood neighborhood disadvantage and college enrollment, but Plotnick 
and Hoffman reanalyze the data using only sisters (1999) and conclude that the relationship is 
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correlational and the result of family effects. This suggests that observed postsecondary effects 
may result from omitted variable bias or gender heterogeneity in the neighborhood effect. 
Results of prominent social experiments randomizing neighborhood conditions further 
muddy the picture. Comparing children who moved to middle-income, mostly-white suburbs 
with children moving to low-income, predominantly-black urban communities in the Gautreaux 
program, Rosenbaum (1995) finds that disadvantaged neighborhoods increase the odds of 
dropping out of high school and reduce the odds of attending any college and attending a four-
year college. Children moving to the suburbs also demonstrated qualitatively better academic 
achievement. Similarly, children moving to the middle class Ethel Lawrence (EL) development 
in Mount Laurel, NJ attended higher-quality schools, spent more time reading outside of school, 
and had higher GPAs than a comparison group of children not moving to EL Homes (Casciano 
and Massey 2012-a). In contrast, the Moving to Opportunity Demonstration Project (MTO), 
which used a random assignment research design to identify causal effects, did not affect 
academic progress or educational attainment (Orr et al 2003; Sanbonmatsu et al 2006; 
Sanbonmatsu et al 2011). 
Why might Gautreaux and Mount Laurel have yielded gains across a broad range of 
educational outcomes for children moving to advantaged neighborhoods but MTO failed to 
produce any effects? It is possible that design of MTO provides greater control for unobserved 
selection effects, but an alternative explanation is gaining support. MTO produced only brief 
changes in neighborhood conditions as many participants quickly returned to high-poverty 
neighborhoods (Clampet-Lundquist and Massey 2008) or moved to neighborhoods on a 
downward trajectory (Sampson 2008). In contrast, the Gautreaux and Mount Laurel quasi-
experiments produced long-lasting changes in neighborhoods. Participants in both programs 
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remained in destination neighborhoods for over five or six years at initial evaluations (Casciano 
and Massey 2012-a; Rosenbaum 1995). Reanalyzing the MTO data to assess duration effects, 
Chetty and colleagues (2016) find that youth who beginning participation before age 13 – and 
thus potentially have longer program exposure – experience gains in college matriculation and 
quality, whereas those beginning participation after age 13 have declines. Thus, prolonged 
exposure to neighborhood disadvantage may be critical for neighborhood effects. 
In addition to research investigating whether or not neighborhoods affect educational 
outcomes, there is a small but growing body of research exploring the mechanisms that might 
explain neighborhood effects. The strongest evidence exists for a collective socialization model 
where neighborhood economic opportunity and resources influence youth’s educational 
outcomes. Neighborhoods characterized by high occupational expectations, high-income 
households, and large shares of adults with college degrees and high-status jobs are positively 
related to educational outcomes (Ainsworth 2002; Brooks-Gunn et al 1993; Duncan 1994).  
Disadvantaged neighborhoods characterized by low social integration, nontraditional academic 
pathways, and financial strain reduce educational success (Charles et al 2009; Goldrick-Rab 
2006). 
Less research examines peer effects and school effects as mechanisms for neighborhood 
effects. In accordance with Crane’s (1991) epidemic model, peers’ educational aspirations and 
attainment do explain portions of observed relationships between neighborhood disadvantage 
and educational attainment (Harding 2011; South et al 2003), although the magnitude of the 
neighborhood-education relationship explained is fairly modest. Schools, on the other hand, do 
not explain neighborhood effects. Using longitudinal data measuring neighborhood and school 
exposures over ten years, Wodtke and Parbst (2016) find that neighborhood poverty has a strong 
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effect on reading and math achievement, but school poverty levels do not mediate any of this 
effect. Ainsworth (2002) reaches a similar conclusion. 
In sum, there is a clear association between neighborhood conditions and educational 
outcomes, but it remains unclear the extent to which this relationship is causal. Causal effects 
seem more likely when exposure to disadvantage is prolonged, and neighborhood effects are 
unlikely to be uniform – varying by demographics like race, class, and gender. To date, the 
strongest evidence implicates collective socialization as an important mechanism for effects, but 
additional research is necessary. For a comprehensive review of neighborhood effects on 
educational outcomes, see Sharkey and Faber (2014). 
Neighborhood Effects on Behavioral Outcomes 
Although behavioral outcomes have not received as much attention as educational 
outcomes, they are nevertheless the subject of a substantial body of inquiry. Non-experimental 
analyses generally find that youth who are exposed to disadvantaged neighborhoods display 
higher rates of delinquency and substance use (Leventhal and Brooks-Gunn 2000; Sampson et al 
2002). Youth growing up in neighborhoods with high levels of residential turnover (e.g., few 
long-term residents and many renters) demonstrate higher rates of cigarette, alcohol, and drug 
use during youth and adolescence (Buu et al 2009; Kulis et al 2007). Similarly, neighborhood 
residential instability is associated with greater rates of delinquent and criminal behaviors among 
adolescents (Peeples and Loeber 1994; Sampson 1997; Sampson and Groves 1989). 
Neighborhoods with high levels poverty are related to greater binge drinking odds among adults 
(Cerda et al 2010), and neighborhood impoverishment and socioeconomic disadvantage also is 
related to other risky behaviors like early sexual onset (Lanctot and Smith 2001) and teenage 
parenthood (Wodtke 2013). 
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Observational research exploring neighborhood effect heterogeneity relating to 
behavioral outcomes is scant. In one study of a southwestern city, neighborhood effects on 
alcohol and drug use appear stronger for Latinos than whites, especially Latinos not living in 
immigrant enclaves (Kulis et al 2007). Still, much more research investigating how 
neighborhood matter differently by race, class, and gender is necessary. 
Experimental findings are highly variable and reveal important gender differences. Long-
term results from Gautreaux (Keels 2008) indicate that boys who moved to the more-advantaged 
suburban neighborhoods experienced substantial drops in their odds of ever being arrested, and 
the effect was driven by a drop in drug-related arrests. Oddly, girls were more likely to be 
involved with the criminal justice system if they moved to the suburbs. MTO produced 
essentially the opposite set of findings. Four-to-seven years after treatment, MTO decreased 
certain risky behaviors for girls (cigarette, alcohol, or drug use or pregnancy) but had increased 
incidence of such behaviors for boys (Kling et al 2007). Moreover, MTO significantly decreased 
violent and property crime arrests for girls, whereas boys had a modest reduction in violent crime 
and displayed greater rates of property crime (Kling et al 2005). Although effects on arrest rates 
attenuate over time, they remain significant (Sciandra et al 2013). 
Research has yet to explain the opposing patterns of gender heterogeneity between 
Gautreaux and MTO, but a recent study does offer a potential explanation for why girls may 
have benefitted more from MTO: differences in leisure time activities. Whereas girls tend to 
socialize indoors or leave their neighborhood, boys are more likely to play outside. Because they 
moved to an advantaged neighborhood at a sensitive period in life, boys may not have developed 
the coping skills and strategies they need when they ultimately are exposed to highly 
impoverished conditions (Clampet-Lundquist et al 2011). In fact, this difference in leisure time 
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activities may also explain why boys benefitted from Gautreaux. Because participants in the 
Gautreaux experiment remained in their post-treatment neighborhoods for many years – a key 
difference with MTO – boys might have had greater exposure to the low-poverty neighborhood 
conditions and been less likely to need the coping strategies for high-poverty neighborhoods that 
they ultimately required in MTO. Clearly, additional research on effect heterogeneity is needed. 
Collective efficacy has emerged as an important mechanism for neighborhood effects on 
behavioral outcomes. Neighborhoods high in collective efficacy have lower rates of crime, 
homicide, teenage pregnancy, and a variety of health problems (Sampson 2012). Moreover, a 
neighborhood’s level of social control explains the entire relationship between its residential 
stability and adolescent delinquency (Sampson 1997). Neighborhoods that lack effective social 
control and collective efficacy may develop a code of the street, which has an important effect on 
adolescents’ odds of engaging in violence (Stewart and Simons 2010). As a result, the 
association between disadvantaged neighborhoods and negative behavioral outcomes may not 
result from poverty, few college-educated adults, or other related economic characteristics. 
Instead, the tendency of disadvantaged neighborhoods to have lower levels of social cohesion 
and control may increase opportunity for non-normative behaviors. 
Neighborhood Effects and the Life Course 
Whereas research on neighborhood effects has disproportionately focused on the early 
life course, insights from the life course perspective are under-utilized in the research. 
Neighborhood scholars do highlight the correlation in neighborhood characteristics across 
individuals’ lives and over generations (Elder et al 2015; Sharkey 2013; South et al 2016). Still, 
this observation has unexplored implications for when in the life course neighborhoods matter 
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most. Early neighborhood exposures may have stronger effects by setting individuals on 
trajectories of neighborhood exposure and life chances. 
The life course literature (Bauldry et al 2012; Kuh et al 2003) highlights four potential 
pathways through which neighborhood conditions may influence subsequent outcomes: sensitive 
periods, accumulation of risk, chains of risk with triggering, and chains of risk with 
accumulation. Sensitive periods exist when exposure during a specific life stage affects 
outcomes, but exposure during other stages does not. Risk accumulation exists when exposures 
have additive effects on outcomes that do not depend on previous exposures. Chains of risk 
occur when exposures at one life stage influence outcomes through exposures during subsequent 
life stages. Figure 4.1 displays these potential pathways. 
Neighborhood effects are generally shown to vary by age (Ellen and Turner 1997; 
Sharkey and Faber 2014), and recent analyses suggest that adolescence may be a sensitive period 
for neighborhood effects on high school graduation and teenage pregnancy (Wodtke 2013; 
Wodtke et al 2016). Still, life course pathways of neighborhood effects remains an under-
explored aspect of community and urban sociology. To help fill this gap, I will explore the four 
pathway models described above as I analyze how neighborhood conditions early in the life 
course affect outcomes at the transition to adulthood. 
Data 
This chapter uses data from two cohorts of the National Longitudinal Survey of Youth – 
adolescents first surveyed in 1979 (NLSY79) and their children (CNLSY79) – to analyze 
neighborhood effects on behavioral and educational outcomes early in the life course. The 
NLSY79 and CNLSY79 are ongoing panel surveys that are nationally representative of 
adolescents in 1979 and the children of those female adolescents (Bureau of Labor Statistics, 
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n.d.—a). The NLSY79 surveyed participants annually from 1979-1994 and biennially since then, 
and the CNLSY79 has surveyed children biennially since 1986. Given that this study focuses on 
the early life course, I use the CNLSY79 as the basis for my analytic sample and rely on the 
NLSY79 for background information on the child’s mother and family. Although I impose 
unique sample restrictions for each of the analyses of different behavioral and education 
outcomes, my master sample includes all person-year observations of CNLSY79 respondents 
born between January 1, 1981 and January 1, 2000. This ensures sufficient observations for all 
individuals who do not attrit to appear in at least one of the analyses. 
This chapter examines neighborhood effects on four key outcomes early in the life 
course: academic achievement, behavior problems, graduating from high school, and completing 
a bachelor’s degree. The CNLSY79 measures achievement using the Peabody Individual 
Achievement Tests (PIAT) for mathematics knowledge, reading recognition, and reading 
comprehension. Reading recognition measures word recognition and pronunciation, whereas 
reading comprehension measures the ability to comprehend the meaning of sentences. Children 
complete these assessments when they are ages five to fourteen, so I restrict models of 
achievement to include only children in this age range. PIAT scores are normalized and age-
standardized with a mean of one-hundred and a standard deviation of fifteen. Thus, longitudinal 
models of achievement do not estimate growth; instead, they analyze change in rank relative to 
others at the same age. The PIAT tests are “highly reliable and valid” assessments and are 
“correlated closely with a variety of other cognitive measures” (Bureau of Labor Statistics, 
n.d.—b). 
The CNLSY79 measures a child’s incidence of problem behaviors using twenty-eight 
questions adapted from other similar constructs like Peterson and Zill’s behavior problems index 
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and the Achenbach Behavior Problems Checklist (Bureau of Labor Statistics, n.d.—c). The 
CNLSY79 behavior problem index (BPI) is the result of a principal component analysis, and I 
use the overall scale of behavioral problems, which includes measures of antisocial, 
anxious/depressed, headstrong, and hyperactive behaviors, as well as dependency and peer 
conflict. Mothers complete the BPI when their children are ages four to fourteen, so I restrict 
models of behavior to children in this age range. BPI scores are normalized and age-standardized 
with a mean of one-hundred and a standard deviation of fifteen. Again, longitudinal models of 
behavioral problems do not measure growth, but they instead measure change in relative rank. 
The BPI is used widely as an independent variable and outcome, as well as a metric to validate 
other survey constructs. 
The CNLSY79 surveys respondents regarding their highest grade completed and highest 
degree attained at each wave. From these variables, I develop measures of high school 
graduation and bachelor’s degree completion. High school graduation excludes individuals 
earning their GED because GEDs predict worse life chances when compared to high school 
diplomas (Cameron and Heckman 1993). To ensure that respondents have had sufficient time to 
attain each degree, I restrict analyses of high school graduation to individuals born before 1994 
and analyses of college graduation to individuals born before 1990. This eliminates respondents 
not at least age 20 by 2014 from the high school graduation analysis and respondents not at least 
at 24 by 2014 from the bachelor’s analysis. I also restrict independent variables for these 
analyses to be measured before a respondent turns age 16.5 to eliminate the possibility for 
reverse-causation.15 
																																																						
15 It is necessary to restrict independent variables to be measured at age 16.5 or earlier in the bachelor’s analyses to 
ensure that respondents continue to live with their parent(s). Adequate controls are not available otherwise. 
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This study includes two focal independent variables: neighborhood disadvantage and 
neighborhood collective efficacy. I measure neighborhood disadvantage at the census tract level 
using tract identifiers provided by the NLS and associated with the mother’s survey waves. To 
the extent that children split time between their mothers and other caregivers, this will induce 
measurement error and likely reduce estimated neighborhood effects. The census tract 
boundaries use 2010 tract definitions, so I use the Longitudinal Tract Database (LTDB) to 
recalculate tract-level characteristics from the 1970-2000 decennial censuses at the 2010 tract 
boundaries (Logan et al 2014). I use decennial census data from the LTDB and Social Explorer 
and linearly interpolate tract characteristics for intercensal years. I then merge neighborhood data 
to children via mothers using the NLS-provided geocode. I calculate neighborhood disadvantage 
as the primary factor from a principal component analysis of tract-level poverty, unemployment, 
female-headed households, welfare receipt, residents without a high school diploma, residents 
with a college degree (negative loading), and workers holding managerial or professional jobs 
(negative loading). This aligns with previous research, and I test for prolonged effects by 
calculating cumulative neighborhood characteristics over time (Sharkey and Elwert 2011; 
Wodtke et al 2011).  
Neighborhood collective efficacy is based on three items asked of mothers biennially in 
the NLSY79 from 1992-2000. Mothers report whether the following three issues are a big 
problem, somewhat of a problem, or not a problem in their neighborhood: 1) people having 
respect for rules and laws; 2) parents not supervising their children; and 3) people keeping to 
themselves and not caring about the neighborhood. The first two measure social control, and the 
third variable measures social cohesion. All three exhibit strong alignment with the theoretical 
concept of collective efficacy. To ensure sufficient observations to measure long-term 
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neighborhood conditions, I include in models using the collective efficacy measure only children 
whose mothers responded to at least four of the five waves in which collective efficacy is 
surveyed. For each of the three measures, I code a “big problem” response as zero, a “somewhat 
of a problem” response as one, and a “not a problem” response as two. I then average the 
measures to create an index of collective efficacy, and higher scores reflect neighborhoods with 
greater collective efficacy. To reduce issues with small cell sizes at given values of collective 
efficacy, I recode this variable to reflect neighborhoods with low collective efficacy (0-0.67), 
medium collective efficacy (0.67-1.34), and high collective efficacy (1.34-2). These values 
correspond with natural breaks in the data. 
In addition to the two focal treatments, I test several mediating pathways for 
neighborhood effects on educational attainment (high school and college graduation). First, I use 
the last available PIAT test scores, which are administered up to age fourteen, as measures of 
academic achievement. Second, I average all of an individuals’ measures of the behavioral 
problem index from ages twelve to fourteen16 to capture behavioral mediation. Finally, I measure 
an individual’s mastery by averaging responses to the seven questions from the Pearlin Mastery 
Scale. Mastery reflects the extent to which individuals believe their life chances are under their 
own control (Pearlin and Schooler 1978). The mastery index ranges from one to four with higher 
values indicating greater mastery and has a strong relationship with wellbeing in the face of 
stress and hardship (Pearlin and Schooler 1978; Pudrovska et al 2005). For analyses of high 
school graduation, I average individuals’ mastery responses from ages fourteen to eighteen; for 
analyses of college graduation, I average responses from ages fourteen to twenty-one. 
																																																						
16 Some adolescents have measures of behavioral problems beyond age 14, and I include these measures up to age 
18. 
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Finally, this study includes a number of control variables that reflect current knowledge 
regarding neighborhood attainment (Harding 2003; Quillian 2003; Sampson and Sharkey 2008; 
Wodtke et al 2011). These include two time-invariant measures: the child’s race (black, 
Hispanic, or white/other) and sex (male or female). I also control for characteristics of the 
mother, child, and family. Mother’s characteristics are lagged measures of the number of jobs 
worked in the year, hours worked per week, and percentages of weeks worked, unemployed, and 
not in the labor force in the year, as well as contemporaneous measures of marital status and 
educational attainment. Marital status is never married, married, divorced, or other. Educational 
attainment is the highest of: less than a high school diploma, high school diploma, some college, 
and a bachelor’s degree. Family characteristics include contemporaneous measures of family 
size, structure, and wealth, as well as lagged measures of family income-to-needs ratio, public 
assistance receipt, home ownership, and moving since past survey. Family structure codes 
whether the child lives with two biological parents, one biological parent or splits time between 
parents, or some other caregiving structure. Income-to-needs is the ratio of family income to 
poverty threshold corresponding to family size. Finally, I include controls for the mother’s and 
child’s ages at survey. 
Methods 
As is the case with analyses in the first two chapters, there are several challenges to 
estimating the impact of neighborhood conditions over many years on educational and 
behavioral outcomes. Issues of neighborhood endogeneity and unobserved confounding are a 
long-standing threat to causal estimates with observational data (Jencks and Mayer 1990) and led 
social scientists to rely on experimental estimates from social programs like Gautreaux and 
MTO. Still, experimental estimates have their own set of challenges (Clampet-Lundquist and 
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Massey 2008; Sampson 2008; Sampson 2012), and many researchers are returning to an 
observational research using long-running panel studies (e.g., Sharkey and Elwert 2011; Wodtke 
et al 2011; Wodtke et al 2016). I take this approach here. To address the issues of non-random 
selection into neighborhoods, I control for a broad spectrum of control variables from the NLS 
that include all variables known to exert a strong influence on neighborhood attainment 
(Sampson and Sharkey 2008; Quillian 2003). Because I have panel data, I also include lagged 
neighborhood conditions and baseline neighborhood conditions as predictors for current 
neighborhood conditions, which offer additional controls for unobserved time-invariant 
confounding and time-varying confounding that changes slowly over time. 
Although the many control variables reflecting the current state of knowledge regarding 
neighborhood attainment provide assurance that selection effects are not exerting substantial bias 
on parameter estimates, they do present their own set of challenges in a regression framework. 
Including time-varying controls that may be on the causal pathway between treatment and 
outcome in a regression model can result in over-controlling and capture some of the true 
neighborhood effect – operating through the control – on the outcome (Sharkey and Elwert 2011; 
Wodtke et al 2011). More problematically, including time-varying controls may induce collider-
stratification bias (Greenland 2003) if an unobserved confounder affects both the control and 
outcome. Including the control in the regression model then spuriously induces an unknowable 
correlation between treatment and outcome. Fortunately, inverse-probability-of-treatment-
weighted marginal structural models (IPTW MSMs) solve the over-controlling and collider-
stratification biases without requiring any assumptions beyond those of traditional models 
(Robins 1998; Robins et al 2000; Wodtke et al 2011). 
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IPTW MSMs use a two-stage regression estimation strategy. The first-stage regressions 
predict the odds of receiving a given set of neighborhood treatments and develop IPTWs that can 
be used to create a weighted pseudo-population in which treatment is no longer related to 
observed confounders. The second-stage regressions then estimate treatment effects on outcomes 
using the weighted pseudo-population. For the models estimating neighborhood effects on 
outcomes with repeated measures (behavioral problems and academic achievement), I estimate 
the following first-stage regressions: #" = #"$% + !"$% + ,"$% + &' + #' + !' + -" + ." 
I predict neighborhood conditions at time t (#") as a function of lagged neighborhood conditions, 
lagged outcome (!"$%), lagged time-varying controls17 (,"$%), time-invariant controls (&'), 
baseline treatment, baseline outcome, a linear trend parameter (-"), and an error term (."). For 
models with only a single measure of the outcome (high school and college graduation), I 
estimate the following first stage regressions, which exclude time-varying and baseline outcomes 
because they are not observed: #" = #"$% + ,"$% + &' + #' + -" + ." 
Recall that I am testing two treatments: indexes of neighborhood disadvantage and 
collective efficacy. For the neighborhood disadvantage index, I preserve the full amount of 
variation in the index by operationalizing it as a continuous treatment variable, which is an 
advance on prior research that dichotomizes or categorizes such continuous treatments (e.g., 
Sharkey and Elwert 2011; Wodtke et al 2011; Wodtke et al 2016). Using a procedure developed 
in the epidemiological literature for estimating IPTW with continuous treatments (Naimi et al 
																																																						
17 I do not lag mother and respondent’s ages, mother’s marital status and education, and family size, structure, and 
wealth. These covariates are less likely to be affected by contemporaneous neighborhood characteristics than to 
affect short-term neighborhood attainment. Thus, I measure them as proximally to neighborhood conditions as 
possible. 
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2014), I categorize neighborhood disadvantage into ten deciles and estimate ordered logits of the 
disadvantage decile. This provides weights that are efficient for use with a continuous treatment 
in the second-stage models. Thus, for my models predicting the effect of cumulative 
neighborhood disadvantage on outcomes with repeated measures, I calculate the IPTW as: 
/0 = 12(#" = 4"|#"$%, &', #', !', -")12(#" = 4"|#"$%, !"$%, &', #', !', ,	"$%, -")F"G%  
where 
#" = 1					if	4"
∗ < >%										2					if	>% < 4"∗ < >@3					if	>@ < 4"∗ < >B…10					if	>E < 4"∗										 
and the IPTW MSM of neighborhood effects as: 
!" = #FFG"$%FG%H − 1 + &' + #' + !' + )" 
For the models predicting the effect of cumulative neighborhood disadvantage on high school or 
college graduation, I exclude !"$% and !' from the first-stage regressions and !' from the second-
stage regressions. 
The collective efficacy measure has less variation than the neighborhood disadvantage 
index and is trichotomous at each wave. As a result, I estimate an ordered logit of collective 
efficacy predicting odds of membership in each of the three categories in an analogous fashion to 
the ordered logits of neighborhood disadvantage deciles above. For the IPTWs for both 
neighborhood disadvantage and collective efficacy treatments, I follow standard practice (Cole 
and Hernán 2008) and truncate the weights at the 1st and 99th percentiles by recoding weights 
outside those bounds to the value at the relevant threshold. 
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Despite the advantages offered by IPT MSMs, they still make the strong assumption of 
no unmeasured confounding. This assumption is made by all non-experimental models, so it is 
not unique to the current approach. Nevertheless, it must be satisfied for parameter estimates to 
be truly causal. The inclusion of all variables known to strongly influence neighborhood 
attainment provides some confidence that unmeasured confounding is not severe. To provide 
greater assurance, I leverage the large sample of families with multiple siblings in the CNLSY79 
to estimate family fixed effects models. Family effects (e.g., parenting) likely have their 
strongest effects early in the life course given the temporal proximity of outcomes in emerging 
adulthood to time living with childhood family. Recent research on neighborhood effects that 
uses IPT weights with MSMs has not tested the sensitivity of results to family fixed effects 
models (e.g., Do et al 2013; Sharkey and Elwert 2011; Wodtke et al 2011; Wodtke 2013; 
Wodtke et al 2016). Given the ability of sibling models to approximate the results from a random 
assignment experiment (Chetty and Hendren 2016-a), the significant neighborhood effects found 
using the IPT weighting approach should be tested further using family fixed effects models. 
Appendix D describes my approach to including family fixed effects with IPTW MSMs. I 
conduct a Monte Carlo simulation to test various specifications and settle on a model that 
includes family fixed effects in both the first- and second-stage regression models. Other 
seemingly-valid methods for estimating family fixed effects models yield biased coefficients 
when combined with an IPTW MSM design. For simplicity and comparability to the simulation, 
I estimate these models only for outcomes measured at a single point in time: high school and 
college graduation. Family fixed effects models require omission of children without siblings. In 
addition, to mimic the simulation method I match children with exactly one sibling. For families 
with more than two siblings, I begin by matching the two oldest siblings. If at least two children 
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remain unmatched in the family, I then match the next two oldest remaining siblings and so on 
until all are matched or only one sibling remains unmatched. I calculate IPTWs and estimate 
IPTW family fixed effects MSMs using within-family de-meaning described in Appendix D. 
Along with the outcome- and model-specific sample restrictions described previously, I 
restrict all analyses to annual observations for each survey respondent until the respondent (or 
the respondent’s mother) skips a survey wave. At this point, respondents are censored. I also 
censor respondents once they become independent from their parents; independent respondents 
lack the necessary data on control variables. For outcomes observed in multiple waves, 
individuals may have some, but not all, survey years in the sample. For outcomes measured only 
once, I include only individuals not censored prior to the outcome in the model. To adjust for 
non-random attrition from the sample, I estimate censoring weights in an analogous fashion to 
the IPTWs above (see Lauen and Gaddis 2013 and Wodtke et al 2011 for examples). In addition, 
to account for the selection of individuals born during only some years of the C-NLSY, I test the 
sensitivity of my results to the inclusion of sampling weights provided by a customized 
longitudinal weighting program available through the NLS (Bureau of Labor Statistics, n.d.—d). 
Results are similar in specifications with and without weights; I present results using customized 
sampling weights in text. 
Missing data poses expected challenges for this research. I minimize the level of missing 
data using the sample restrictions and censoring described above, and I use multiple imputation 
with chained equations (MICE) to address the remaining missing data resulting from item non-
response (White et al 2011). I use fifty imputed data sets and combine results across imputations 
using Rubin’s (1987) rules. This approach makes the assumption that data are missing at random. 
Although this is a strong assumption, it is less stringent than the missing completely at random 
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assumption made by listwise deletion. Table 4.1 summarizes the prevalence of missing data. 
Because of the relatively small amount of missing data, results should not be sensitive to my 
approach for dealing with data missingness. 
Results and Discussion 
Table 4.2 provides summary statistics for the outcome and treatment variables based on 
the samples used in each of the four groups of outcome models. The average and variance in the 
levels of neighborhood disadvantage experienced by individuals in the four samples are fairly 
similar, although the older individuals present in the high school graduation and bachelor’s 
samples have experienced slightly higher levels of neighborhood disadvantage. Achievement and 
behavior problem means align fairly closely with the normed mean (100). The share of students 
graduating from high school (66.3%) trails the nationwide average from 1990-2009 by roughly 
five to ten percentage points, but this could result from the over-sampling of racial minorities and 
economically disadvantaged populations, both of whom have lower graduation rates, in the 
NLSY79. The low share of individuals graduating from college (14.3%) again trails national 
averages, but the unweighted summary statistics do skew more toward disadvantaged 
populations. 
I begin by analyzing how neighborhood conditions from ages five to fourteen are related 
to individual’s relative rankings in academic achievement and behavioral problems from 
childhood to early adolescence. Table 4.3 presents the results for the achievement models. I 
estimate three models for each of the achievement outcomes: math PIAT score, reading 
recognition PIAT score, and reading comprehension PIAT score. Model 1 is an IPTW MSM 
with the cumulative treatment variable. Model 2 adds an individual random effect term. Model 3 
tests effect heterogeneity by race and sex. 
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For math, Model 1 highlights a strong negative relationship between neighborhood 
disadvantage and academic achievement. Conditioning on baseline achievement, a one standard 
deviation increase in cumulative neighborhood disadvantage (2.33 unit change) is associated 
with a reduction of 1.83 points in age-standardized math PIAT scores. Recall that the population-
level standard deviation in PIAT scores is fifteen points. Thus, a one standard deviation increase 
in neighborhood disadvantage would yield a reduction of 12 percent of a standard deviation in 
achievement for the average child. The neighborhood effect attenuates slightly when controlling 
for unobserved child-level confounding with random effects in Model 2, but the parameter 
estimate remains sizeable and significant. 
Model 3 demonstrates substantial effect heterogeneity by race and sex. The neighborhood 
effect is strongest for white males. A one standard deviation increase in cumulative 
neighborhood disadvantage yields a 3.03 point reduction in math PIAT scores, which is 
equivalent to one-fifth of a standard deviation drop. Nonwhites, particularly nonwhite women, 
have the weakest association between their neighborhood characteristics and math achievement. 
A similar pattern emerges for reading comprehension and reading recognition. Neighborhood 
effects on reading PIAT scores are strongest for white males with one standard deviation 
increases in cumulative disadvantage reducing reading scores by one-sixth to one-seventh of a 
standard deviation. Neighborhood effects on reading are weakest for white and black women. 
In addition to modeling the academic achievement of children and young adolescents, I 
also analyze neighborhood effects from ages four to fourteen on their behavioral outcomes. 
Table 4.4 presents several models of neighborhood effects on behavioral problems during 
childhood and early adolescence. Recall that I test two separate treatment variables in these 
models: the neighborhood disadvantage index and neighborhood collective efficacy. Models 1-4 
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estimate IPTW using neighborhood disadvantage as the focal treatment, whereas Models 5-8 
estimate IPTW using neighborhood collective efficacy as the focal treatment. 
In Model 1, although the neighborhood disadvantage parameter indicates a positive 
association with behavioral problems, the relationship does not quite meet traditional thresholds 
for statistical significance. Further, when adding an individual-level random effect to control for 
unobserved confounding, the relationship disappears. Model 3 suggests that were any significant 
relationship to exist, it would appear to be weakest for Hispanics; in fact, Hispanics in more 
disadvantaged neighborhoods may display somewhat fewer behavioral problems. Model 4 adds 
the alternative treatment variable, which is not used in the stage-one IPTW models, and it 
appears that collective efficacy may be a more important predictor of behavioral problems than 
neighborhood disadvantage. 
Model 5 estimates the base model using collective efficacy as the focal treatment. Unlike 
the neighborhood disadvantage index, collective efficacy displays a significant negative 
relationship with behavioral problems early in the life course. A one-standard deviation (0.68 
point) increase in cumulative neighborhood collective efficacy is associated with two-thirds of a 
point reduction in behavioral problems. Ultimately, this impact is fairly small and equates to five 
percent of a standard deviation reduction in behavioral problems. Unobserved individual-level 
factors explain a modest portion of this relationship, but collective efficacy remains significantly 
related to behavioral problems. Unlike previous social experiments, I find no clear patterns of 
racial or sex-based effect heterogeneity in neighborhood effects on behavioral outcomes. 
Up to early adolescence, neighborhood conditions are significantly related to academic 
and behavioral outcomes, but the overall impacts of disadvantage and collective efficacy seem 
substantively modest, particularly for problem behaviors. I now examine how neighborhood 
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disadvantage from birth to age sixteen affects two critical benchmarks of educational attainment 
that are predictive of future wellbeing: earning a high school diploma and bachelor’s degree.  
Table 4.5 presents several models of neighborhood effects on high school graduation. 
Model 1 indicates that a one standard deviation (2.06 unit) increase in cumulative neighborhood 
disadvantage is associated with a 0.24 reduction in the log odds of graduating from high school – 
or a roughly 21 percent reduction in graduation odds. Model 2 adds a measure of adolescent 
mastery, and the neighborhood effect persists at the same magnitude. This suggests that 
collective socialization may not be driving the neighborhood effect, at least not through the 
pathway of individual mastery. Model 3 adds measures of individuals’ math and reading 
achievement levels, and the neighborhood effect attenuates modestly but remains quite strong. 
Model 4 tests behavioral problems as a potential mediator, and again the reduction in the 
neighborhood effect remains quite modest. It seems, then, that growing up in a disadvantaged 
neighborhood has a pronounced impact on an individual’s odds of graduating from high school, 
and this effect is independent of any impact the neighborhood has on mastery, academic 
achievement, and behavioral problems. 
Model 5 examines heterogeneity in the neighborhood effect based on race and sex. As 
with the achievement models, neighborhood effects are strongest for white males and females. A 
one standard deviation increase in cumulative neighborhood disadvantage reduces whites’ log 
odds of graduating from high school by 0.35 points – or a reduction in graduation odds of 30 
percent. In contrast to this sizeable neighborhood effect for whites, neighborhood disadvantage is 
unrelated to graduation odds for Hispanics. Blacks do not significantly differ from whites in 
neighborhood effects on graduation odds. 
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Models 6 and 7 test a life course pathway for neighborhood effects on educational 
attainment, and as Model 6 demonstrates, neighborhood disadvantage in early childhood (up to 
age 8) has a strong, negative association with high school graduation. When controlling for 
neighborhood disadvantage in late childhood and adolescence (ages 8 to 16), however, the 
relationship disappears, and late childhood neighborhood disadvantage exerts a negative 
influence on graduation odds. These findings are consistent with the chain of risk with triggering 
model of neighborhood effects. Neighborhood disadvantage during early childhood does seem to 
affect graduation odds, but this effect operates through subsequent neighborhood conditions and 
their sequelae. This runs counter to Wodtke and colleagues’ (2016) finding that adolescence may 
be a sensitive period for neighborhood effects on high school graduation. Additional research is 
warranted to test whether the early childhood neighborhood effect observed here is truly causal 
or merely reflects correlation in neighborhood conditions across time (Elder et al 2015; Sharkey 
2013). 
Table 4.6 presents an analogous set of models investigating neighborhood effects on a 
child’s odds of earning a bachelor’s degree. Model 1 finds that a one standard deviation (1.99 
unit) increase in cumulative neighborhood disadvantage is associated with a 0.45 reduction in the 
log odds of graduating from high school – or a roughly 36 percent reduction odds of completing 
a bachelor’s degree. This indicates that prolonged exposure to disadvantaged neighborhoods 
during childhood and adolescence exerts stronger effects on postsecondary educational 
attainment than secondary attainment. As with the high school diploma models, mastery, prior 
achievement, and prior behavioral problems mediate little of the neighborhood effect, but the 
strongest evidence of mediation exists for prior achievement. Again, the neighborhood effect 
seems to be the strongest for whites; a one standard deviation increase in neighborhood 
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disadvantage reduces white males’ log odds of graduation by 0.7 points, essentially cutting their 
odds in half. Finally, the same life course story appears for college graduation as with high 
school graduation. 
An important assumption of all of the previous models of neighborhood effects is that 
there is no unmeasured confounding. Although this assumption cannot be fully validated, the 
inclusion of a wide range of variables known to be key predictors of neighborhood attainment 
provides some assurance that the present results do not suffer from major issues of selection bias. 
As a further check, I leverage the many multi-sibling families in the CNLSY79 to estimate 
family fixed effects models of high school graduation. Chetty and Hendren (2016-a) find that 
sibling models can approximate the results of an experimental design. 
Tables 4.7 and 4.8 present the results of the family fixed effects models. In these models 
only, I re-define the treatment variable to be a dichotomous indicator because fixed effects 
currently cannot be estimated with ordered logit models in Stata. I test two treatment variables. 
The first is a binary variable equal to one if the individual is in the top quartile of neighborhood 
disadvantage at a given wave; otherwise, it is zero. The second is a binary variable equal to one 
if the individual is in a neighborhood at the bottom quartile of disadvantage at a given wave; 
otherwise, it is zero. These variables identify highly-disadvantaged and highly-advantaged 
neighborhoods, respectively. 
Model 1 of Table 4.7 re-estimates Model 1 from Table 4.5 on the subsample of siblings 
used in family fixed effect models, and the results are substantively similar. This suggests that 
the smaller sibling subsample adequately reflects the larger population in their relationship 
between neighborhood conditions and educational attainment. Model 2 replicates Model 1 using 
a linear probability modeling (LPM) strategy. An OLS regression will be necessary for the 
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family fixed effects models since the outcome is demeaned within families and can take three 
values (-0.5, 0, 0.5). This LPM regression should be efficient given that the odds of graduating 
from high school tend to fall within the middle of the 0-1 range and not on the poles of the 
distribution.18 Neighborhood disadvantage remains significant, and a one-unit increase in 
cumulative disadvantage reduces the probability of graduation by 2.5 percentage points. Models 
3 and 4 estimate the impact of the dichotomous neighborhood treatments without family fixed 
effects. Always living in the most disadvantaged quartile of neighborhoods reduces the 
probability of graduation by nearly 11 percentage points, whereas always living in the most 
advantaged quartile of neighborhoods increases the probability of graduation by 9 percentage 
points.  
Models 5 and 6 re-estimate Models 3 and 4 including family fixed effects. The 
coefficient on the dichotomous neighborhood disadvantage treatment remains roughly the same, 
but the standard error is 2.5 times as large. As a result, the neighborhood effect is no longer 
significant. As reported in Appendix D, the standard errors of the treatment effect in my Monte 
Carlo simulation are similarly 2.5 times as large when moving from a model without family 
fixed effects to a model with family fixed effects. Fixed effects models generally tend to increase 
uncertainty regarding parameter estimates, and this indicates that a large sample of siblings may 
be necessary when estimating family fixed effects models. For example, Chetty and Hendren 
(2016-a) use tax returns from the Internal Revenue Service, which provide substantially larger 
sample sizes that available in traditional panel surveys. Unlike the consistency in the parameter 
estimate for the dichotomous neighborhood disadvantage treatment, the neighborhood advantage 
treatment effect drops to zero upon inclusion of family fixed effects. This suggests that 
																																																						
18 Paul von Hippel provides a nice discussion of when to use linear versus logistic models for binary outcomes here: 
http://statisticalhorizons.com/linear-vs-logistic. 
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unobserved family selection effects drive the relationship between advantaged neighborhoods 
and high school graduation. 
In Table 4.8, I present an analogous sequence of models analyzing college graduation 
using family fixed effects. The sibling subsample demonstrates a similar association between 
neighborhood conditions and college graduation as the overall sample, and the relationship is 
stronger than that between neighborhood disadvantage and high school graduation. Models 3 and 
4 find that without adjusting for unobserved family effects, the most advantaged and most 
disadvantaged neighborhoods are positively and negatively related to college graduation, 
respectively. Introducing family fixed effects, the association between neighborhood 
disadvantage and graduation is unchanged in magnitude, but the variance of the parameter 
estimate more than doubles and makes the relationship statistically insignificant. It is impossible 
to know if this is an artifact of the fixed effects specification or unobserved family effects drive 
the relationship.  
The association between neighborhood advantage and college graduation, on the other 
hand, increases in magnitude and remains significant in the family fixed effects specification. 
Always living in the most advantaged quartile of neighborhoods from birth to adolescence 
increases the probability of earning a bachelor’s degree by 18.3 percentage points. This suggests 
that there may be unobserved family characteristics that are positively related to residence in 
advantaged neighborhoods but negatively related to the probability of graduating from college. 
The positive relationship between neighborhood advantage and college graduation in models 
accounting for family effects is in sharp contrast to the relationship between neighborhood 
advantage and high school graduation. Thus, unlike neighborhood disadvantage, which is 
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similarly correlated with high school and college graduation, neighborhood advantage matters 
quite differently for high school and college outcomes. 
Conclusion 
Using the CNLSY79, this research finds that living in (dis)advantaged neighborhoods is 
negatively related to math and reading achievement during childhood, as well as odds of 
graduating from high school and college. In addition, living in neighborhoods with lower 
collective efficacy is related to increases in behavioral problems during childhood. There is clear 
heterogeneity in these associations with whites, often white males, paying the strongest penalty 
in their educational outcomes for increases in neighborhood disadvantage. Relationships are 
particularly strong for high school and college graduation, and intermediate outcomes like 
academic achievement and behavior problems do not mediate these relationships in a meaningful 
way. As a result, neighborhood conditions early in the life course have important impacts well 
into adulthood. 
This study adds to a growing body of research analyzing how neighborhoods affect 
educational and behavioral outcomes from childhood to the transition to adulthood. Recent 
literature reviews have called for greater attention to pathways, mechanisms, and heterogeneity 
in research on neighborhood effects (Harding et al 2011; Sharkey and Faber 2014). Taking a life 
course perspective, I find evidence for a chain of risk with triggering model of neighborhood 
effects. Neighborhood disadvantage during early childhood is negatively related to an 
individual’s odds of graduating from high school and college, but this effect operates via the 
impact of early neighborhood exposures on later exposures and their sequelae. In contrast, 
Wodtke and colleagues (2016) find that adolescence is a sensitive period for neighborhood 
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effects on high school graduation. Greater attention to the sensitive period and pathway models 
is warranted to adjudicate between these findings. 
I also investigate mechanisms for neighborhood effects on educational and behavioral 
outcomes. There is little evidence for the collective socialization or epidemic models of 
neighborhood effects on educational outcomes. Individual mastery seems a likely mediator of 
collective socialization effects on educational outcomes, but it does not explain any of the 
relationship between neighborhood disadvantage and high school or college graduation. In an 
epidemic model of neighborhood effects, impacts are strongest at the highest concentrations of 
disadvantage (Crane 1991). Yet, I find little evidence of nonlinear effects, and dichotomous 
indicators of neighborhood advantage and disadvantage have estimated impacts that are 
comparable in size (and opposite in direction). Individual-level academic achievement and 
behavior problems similarly do not mediate the relationship between neighborhood disadvantage 
and educational outcomes. Instead, neighborhood economic disadvantage maintains a 
substantively strong impact when controlling for each of these potential mediators. 
There is clearer evidence for mechanisms of neighborhood effects on behavioral 
outcomes. Sampson (2012) finds a strong relationship between neighborhood economic 
disadvantage and neighborhood collective efficacy, but I observe distinct impacts of these 
interrelated phenomena on children’s behavioral outcomes. Whereas collective efficacy plays an 
important role in reducing behavior problems, neighborhood economic disadvantage does not. 
Thus, social cohesion and effective social control seem to be key components to ensuring 
normative behavioral outcomes among children and adolescents. 
This study finds that neighborhood effects are quite heterogeneous. White males 
experience the largest increases in math and reading achievement associated with reductions in 
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neighborhood disadvantage. Moreover, white males and females have the highest increases in 
odds of graduating from high school and college associated with reductions in neighborhood 
disadvantage. These findings run counter to the variation in neighborhood effects observed in 
previous studies (Crowder and South 2003; Wodtke et al 2011). For example, Wodtke and 
colleagues (2011) also use an IPTW MSM design with the Panel Study of Income Dynamics 
(PSID) to analyze neighborhood effects on high school graduation, and they find the strongest 
effects for black children. The differences in findings could result from the PSID’s lack of 
representativeness of the low-income black population (Lee and Solon 2009) or the 
categorization of neighborhood disadvantage by Wodtke and colleagues. Additional research on 
this point is necessary. There is no evidence of variation in neighborhood effects on behavioral 
outcomes by race or sex, which suggests that effect heterogeneity may be outcome-specific. 
A final substantive contribution of this research is its analysis of neighborhood effects on 
college graduation. Research examining neighborhood effects on postsecondary outcomes is 
rare. To date, only one study analyzes college graduation (Vartanian and Gleason 1999), and 
extant research on postsecondary outcomes (Harding 2011; South et al 2003; Vartanian and 
Gleason 1999) has yet to use IPTW MSMs to explore the impact of prolonged exposure to 
neighborhood disadvantage. I find a strong relationship between growing up in an advantaged 
neighborhood and an individuals’ odds of graduating from college. In fact, the impact of 
neighborhood advantage from birth to age 16 is stronger on college graduation than high school 
graduation, which suggests that early neighborhood exposures can matter for outcomes well into 
the adult life course. 
This study provides a stronger basis for drawing causal conclusions than previous studies. 
Recent studies on neighborhood effects use state-of-the-art IPTW MSMs to circumvent several 
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common threats to causal estimates (e.g., Sampson et al 2008; Sharkey and Elwert 2011; Wodtke 
et al 2011; Wodtke et al 2016), and I adopt this design. Further, I leverage the large sample of 
siblings to estimate IPTW MSMs with family fixed effects to control for unobserved, time-
invariant, family-level factors affecting neighborhood conditions and outcomes. These models 
cast some doubt regarding the causality of neighborhood effects on high school graduation, but 
they strongly suggest that neighborhood advantage during childhood and adolescence increases 
an individual’s probability of graduating from college. Causal conclusions continue to be limited 
by the assumption of no unmeasured confounding, but family fixed effects provide a firmer basis 
for making this assumption than do the designs of previous studies. This is the first research to 
combine IPTW MSMs with a family fixed effects design, and it provides guidance for future 
research adopting this strategy. 
In conclusion, I find clear evidence for neighborhood effects on educational and 
behavioral outcomes early in the life course. Disadvantaged neighborhoods reduce math and 
reading achievement, as well as odds of graduating from high school and college. 
Neighborhoods low in collective efficacy increase problem behaviors. The effects of early 
neighborhood disadvantage seem to be stronger for educational outcomes at the transition to 
adulthood than outcomes during childhood. These findings suggest that early neighborhood 
exposures do indeed cast a “long shadow” (Alexander et al 2014) and set individuals on 
trajectories of (dis)advantage that continue to influence their life chances well into adulthood 
(Elman and O’Rand 2004). 
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Figure 4.1. Life Course Theoretical Pathways 
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Table 4.1. Prevalence of Missing Data by Outcome Models 
 Achievement 
High School 
Diploma Bachelor’s 
Behavior 
Problems 
Total number of variables 22 26 26 21 
     
% observations missing:     
0 variables 29.45 14.89 14.29 55.19 
1 variable 24.94 13.03 11.89 19.35 
2 variables 16.19 10.12 11.16 18.87 
3 variables 14.08 17.5 14.43 4.85 
4 variables 6.97 12.51 12.57 1.06 
5 variables 4.38 11.01 11.77 0.58 
6 variables 2.20 8.25 9.23 0.1 
7 variables 1.00 5.26 6.2  
8 variables 0.50 3.89 4.48  
9 variables 0.25 1.92 2.14  
10 variables 0.04 0.98 1.08  
11 variables  0.4 0.48  
12 variables  0.16 0.17  
13 variables  0.06 0.07  
14 variables  0.02 0.02  
15 variables   0.01     
     
~N (person-years)a 30,190 45,050 34,150 8,620 
a Note these person-years totals are greater than those in the models for two reasons. First, I 
use the first survey wave for each individual as a baseline wave for control purposes and do 
not include it in the analysis. Second, high school and college graduation models are 
estimated on a sample of individuals (not person-years) because I restrict the outcome to be 
observed only once (status at last survey wave). 
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Table 4.2. Summary Statistics for Treatment and Outcome Variables for Academic 
Achievement, Behavioral Problems, High School Graduation, and College Graduation Modelsa 
 Achievement 
Behavior 
Problems 
High School 
Diploma Bachelor’s 
     
NH disadvantage (cumulative) 0.629 0.628 0.761 1.043 
 [2.329] [2.152] [2.055] [1.986] 
NH collective efficacy (cumulative)  1.407   
  [0.679]   
Math PIAT 101.82    
 [14.5]    
Reading recognition PIAT 104.24    
 [15.11]    
Reading comprehension PIAT 100.54    
 [13.9]    
Behavior problems index  105.89   
  [15.02]   
High school graduation (%)   66.33%  
College graduation (%)    14.27% 
       
~N (person-years) 22,800 6,610   
~N (individuals)   6,720 4,680 
a This table presents unweighted summary statistics for dependent variables and treatment 
variables based on the samples for each set of models. Means appear on top of standard 
deviations (SDs), which are in brackets. Means and SDs are averaged across the 50 imputed 
data sets. 
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Table 4.3. IPT-Weighted Marginal Structural Models of Neighborhood Effects on Academic Achievement 
 Math Achievement Reading Comprehension Reading Recognition 
 Model 1 Model 2 Model 3 Model 1 Model 2 Model 3 Model 1 Model 2 Model 3 
NH disad. (cumulative) -0.78*** -0.72*** -1.3*** -0.63*** -0.42*** -0.86*** -0.64*** -0.57*** -1.13*** 
 [0.09] [0.09] [0.17] [0.09] [0.1] [0.18] [0.1] [0.1] [0.2] 
Hispanic   -2.98***   -2.51***   -1.18* 
   [0.54]   [0.54]   [0.6] 
Black   -4.8***   -5.17***   -5.11*** 
   [0.53]   [0.53]   [0.58] 
ND * Hispanic   0.56*   0.28   0.38 
   [0.25]   [0.24]   [0.25] 
ND * Black   0.77***   0.47*   0.66** 
   [0.2]   [0.22]   [0.24] 
Female   -1.65***   0.78*   1.32** 
   [0.37]   [0.39]   [0.41] 
ND * Female   0.43*   0.59*   0.73** 
   [0.22]   [0.24]   [0.25] 
Hispanic Female   -0.18   0.15   -0.33 
   [0.75]   [0.73]   [0.82] 
Black Female   0.8   0.52   1.24 
   [0.71]   [0.71]   [0.78] 
ND * Hispanic Female   -0.16   -0.5   -0.44 
   [0.34]   [0.34]   [0.37] 
ND * Black Female   -0.28   -0.3   -0.56† 
   [0.29]   [0.31]   [0.33] 
          
~N (person-years) 22,800 22,800 22,800 22,800 22,800 22,800 22,800 22,800 22,800 
Time-invariant controls x x x x x x x x x 
Baseline treatment x x x x x x x x x 
Baseline outcome x x x x x x x x x 
IPT weightsa x x x x x x x x x 
Censoring weights x x x x x x x x x 
Indiv. random effects  x x  x x  x x 
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† p<0.1,  * p<0.05,  ** p<0.01,  *** p<0.001 
a Time-varying controls adjusted for with IPT weights (IPTW) include: mother's number of jobs worked in last year (lag), hours 
worked per week in last year (lag), and percentages of weeks worked, unemployed, and NILF in the last year (lag); mother's 
contemporaneous educational attainment (less than HS, HS diploma, some college, bachelors+) and marital status (never married, 
married, divorced, other); family size, structure (child lives w/ 2 bio parents, with 1 bio parent or splits between bio parents, or 
another caregiving arrangement), and wealth; lagged family income:needs ratio, public assistance receipt, home ownership, and 
moving since past survey. 
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Table 4.4. IPT-Weighted Marginal Structural Models of Neighborhood Effects on Behavioral Problems 
 NH disadvantage treatment  NH collective efficacy treatment 
 Model 1 Model 2 Model 3 Model 4  Model 1 Model 2 Model 3 Model 4 
NH disad. (cumulative) 0.25 0.01 0.4 -0.08     0.26* 
 [0.15] [0.17] [0.29] [0.17]     [0.12] 
NH coll. eff. (cumulative)    -0.83*  -0.95** -0.76* -0.62 -0.61† 
    [0.33]  [0.3] [0.35] [0.65] [0.36] 
Hispanic   0.12     -0.72  
   [0.82]     [1.54]  
Black   -0.59     1.29  
   [0.87]     [1.53]  
Treat * Hispanic   -0.78*     0.81  
   [0.39]     [0.98]  
Treat * Black   -0.2     -0.6  
   [0.37]     [1.02]  
Female   -1.08†     0.04  
   [0.57]     [1.52]  
Treat * Female   -0.04     -0.69  
   [0.38]     [0.88]  
Hispanic Female   -0.98     -0.87  
   [1.29]     [2.39]  
Black Female   0.77     -3.17  
   [1.17]     [2.16]  
Treat * Hispanic Female   0.27     -0.11  
   [0.61]     [1.47]  
Treat * Black Female   -0.8     1.64  
   [0.52]     [1.4]  
          
~N (person-years) 6,610 6,610 6,610 6,610  6,610 6,610 6,610 6,610 
Time-invariant controls x x x x  x x x x 
Baseline treatment x x x x  x x x x 
Baseline outcome x x x x  x x x x 
IPT weightsa x x x x  x x x x 
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Individual random effects  x x x   x x x 
† p<0.1,  * p<0.05,  ** p<0.01,  *** p<0.001 
a Time-varying controls adjusted for with IPT weights (IPTW) include: mother's number of jobs worked in last year (lag), hours 
worked per week in last year (lag), and percentages of weeks worked, unemployed, and NILF in the last year (lag); mother's 
contemporaneous educational attainment (less than HS, HS diploma, some college, bachelors+) and marital status (never married, 
married, divorced, other); family size, structure (child lives w/ 2 bio parents, with 1 bio parent or splits between bio parents, or 
another caregiving arrangement), and wealth; lagged family income:needs ratio, public assistance receipt, home ownership, and 
moving since past survey. 
  
		 140 
Table 4.5. IPT-Weighted Marginal Structural Models of Neighborhood Effects on the Odds of 
Graduating from High School 
 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 
NH disad. (cumulative) -0.12*** -0.12** -0.09* -0.1** -0.17**   
 [0.04] [0.04] [0.04] [0.04] [0.06]   
ND (early childhood)      -0.09** -0.03 
      [0.03] [0.04] 
ND (late childhood)       -0.08* 
       [0.04] 
Hispanic     0.03   
     [0.15]   
Black     0.1   
     [0.15]   
ND * Hispanic     0.16*   
     [0.08]   
ND * Black     0.06   
     [0.07]   
Female     0.07   
     [0.1]   
ND * Female     -0.01   
     [0.08]   
Hispanic Female     -0.12   
     [0.22]   
Black Female     0.61**   
     [0.23]   
ND * Hispanic Female     0.06   
     [0.12]   
ND * Black Female     0.03   
     [0.11]   
        
~N (individuals) 6,720 6,720 6,720 6,720 6,720 5,780 5,780 
Time-invariant controls x x x x x x x 
Baseline treatment x x x x x x x 
IPT weightsa x x x x x x x 
Censoring weights x x x x x x x 
Mastery control  x      
Achievement controls   x     
Behavioral controls    x    
† p<0.1,  * p<0.05,  ** p<0.01,  *** p<0.001 
a Time-varying controls adjusted for with IPT weights (IPTW) include: mother's number of jobs 
worked in last year (lag), hours worked per week in last year (lag), and percentages of weeks worked, 
unemployed, and NILF in the last year (lag); mother's contemporaneous educational attainment (less 
than HS, HS diploma, some college, bachelors+) and marital status (never married, married, divorced, 
other); family size, structure (child lives w/ 2 bio parents, with 1 bio parent or splits between bio 
parents, or another caregiving arrangement), and wealth; lagged family income:needs ratio, public 
assistance receipt, home ownership, and moving since past survey.  
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Table 4.6. IPT-Weighted Marginal Structural Models of Neighborhood Effects on College 
Graduation Odds 
 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 
NH dis. (cumulative) -0.224*** -0.232*** -0.172** -0.21*** -0.35***   
 [0.053] [0.055] [0.061] [0.055] [0.094]   
ND (early childhood)      -0.196*** -0.051 
      [0.043] [0.051] 
ND (late childhood)       -0.158** 
       [0.054] 
Hispanic     -0.131   
     [0.351]   
Black     -0.358   
     [0.268]   
ND * Hispanic     0.122   
     [0.265]   
ND * Black     0.174   
     [0.156]   
Female     0.236   
     [0.174]   
ND * Female     0.025   
     [0.13]   
Hispanic Female     -0.251   
     [0.453]   
Black Female     0.266   
     [0.374]   
ND * Hispanic Female     0.351   
     [0.302]   
ND * Black Female     0.153   
     [0.203]   
        
~N (individuals) 4,680 4,680 4,680 4,680 4,680 3,960 3,960 
Time-invariant controls x x x x x x x 
Baseline treatment x x x x x x x 
IPT weightsa x x x x x x x 
Censoring weights x x x x x x x 
Mastery control  x      
Achievement controls   x     
Behavioral controls    x    
† p<0.1,  * p<0.05,  ** p<0.01,  *** p<0.001 
a Time-varying controls adjusted for with IPT weights (IPTW) include: mother's number of jobs 
worked in last year (lag), hours worked per week in last year (lag), and percentages of weeks worked, 
unemployed, and NILF in the last year (lag); mother's contemporaneous educational attainment (less 
than HS, HS diploma, some college, bachelors+) and marital status (never married, married, divorced, 
other); family size, structure (child lives w/ 2 bio parents, with 1 bio parent or splits between bio 
parents, or another caregiving arrangement), and wealth; lagged family income:needs ratio, public 
assistance receipt, home ownership, and moving since past survey. 
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Table 4.7. IPT-Weighted Marginal Structural Models of Neighborhood Effects on the Odds of 
Graduating from High School Using a Family Fixed Effects Design 
 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
NH disad. (cumulative) -0.135** -0.025**     
 [0.044] [0.009]     
NH disad. (dichotomous)   -0.107*  -0.092  
   [0.045]  [0.111]  
NH adv. (dichotomous)    0.09**  -0.006 
    [0.031]  [0.077] 
       
~N (sibling pairs)       
Time-invariant controls x x x x x x 
Baseline treatment x x x x x x 
IPT weightsa x x x x x x 
Censoring weights x x x x x x 
Logit model x      
OLS model  x x x x x 
Family fixed effects     x x 
† p<0.1,  * p<0.05,  ** p<0.01,  *** p<0.001 
a Time-varying controls adjusted for with IPT weights (IPTW) include: mother's number of jobs 
worked in last year (lag), hours worked per week in last year (lag), and percentages of weeks 
worked, unemployed, and NILF in the last year (lag); mother's contemporaneous educational 
attainment (less than HS, HS diploma, some college, bachelors+) and marital status (never 
married, married, divorced, other); family size, structure (child lives w/ 2 bio parents, with 1 bio 
parent or splits between bio parents, or another caregiving arrangement), and wealth; lagged 
family income:needs ratio, public assistance receipt, home ownership, and moving since past 
survey. 
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Table 4.8. IPT-Weighted Marginal Structural Models of Neighborhood Effects on the Odds of 
Completing a Bachelor’s Degree Using a Family Fixed Effects Design 
 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
NH disad. (cumulative) -0.267*** -0.032***     
 [0.072] [0.008]     
NH disad. (dichotomous)   -0.087*  -0.087  
   [0.034]  [0.08]  
NH adv. (dichotomous)    0.130**  0.183* 
    [0.044]  [0.088] 
       
~N (sibling pairs)       
Time-invariant controls x x x x x x 
Baseline treatment x x x x x x 
IPT weightsa x x x x x x 
Censoring weights x x x x x x 
Logit model x      
OLS model  x x x x x 
Family fixed effects     x x 
† p<0.1,  * p<0.05,  ** p<0.01,  *** p<0.001 
a Time-varying controls adjusted for with IPT weights (IPTW) include: mother's number of jobs 
worked in last year (lag), hours worked per week in last year (lag), and percentages of weeks 
worked, unemployed, and NILF in the last year (lag); mother's contemporaneous educational 
attainment (less than HS, HS diploma, some college, bachelors+) and marital status (never 
married, married, divorced, other); family size, structure (child lives w/ 2 bio parents, with 1 bio 
parent or splits between bio parents, or another caregiving arrangement), and wealth; lagged 
family income:needs ratio, public assistance receipt, home ownership, and moving since past 
survey.
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CHAPTER 5. CONCLUSION 
This dissertation contributes to a growing body of research investigating how 
neighborhood conditions affect life chances. Recent research highlights prolonged exposure to 
disadvantaged neighborhoods as an especially salient experience for child and adolescent 
outcomes at the transition to adulthood (Chetty et al 2016; Chetty and Hendren 2016-a; Do et al 
2013; Sharkey and Elwert 2011; Wodtke 2013; Wodtke et al 2011). Although these studies 
contribute theoretical and methodological insights, they are limited in scope to the early life 
course, and with a notable exception (Wodtke et al 2016), they do not examine how 
neighborhood effects might vary across relevant demographic characteristics like race, class, 
gender, and age. Scholars have called for more research examining precisely this question: are 
neighborhood effects uniform, or are they heterogeneous? In addition, they call for greater 
attention to the mechanisms that might explain neighborhood effects (Harding et al 2011; 
Sharkey and Faber 2014). 
In different ways, the three studies in this dissertation respond to these calls and advance 
current theory of neighborhood effects on life chances. Chapter Two finds that long-term levels 
of neighborhood (dis)advantage across the life course have a profound impact on the wealth an 
individual accumulates by age 50. Moving an individual who lived in a neighborhood around the 
25th percentile of disadvantage from adolescence to middle adulthood to a neighborhood around 
the 75th percentile of disadvantage would decrease the individual’s wealth by roughly $225,000. 
This is approximately 64 percent of mean wealth at age 50 ($350,800). Personal home values 
mediate over four-fifths of the neighborhood effect, but this leaves an important role for other 
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factors like educational attainment, job quality, and income as potentially-important mediators. 
Neighborhood conditions – and by extension housing values – also are a primary driver of the 
racial wealth gap, implicating racial residential segregation and the “segregation tax” (Rusk 
2001) paid by nonwhites in the outsized wealth of whites compared to Hispanics and blacks.  
In addition to the mechanisms of neighborhood effects on wealth, this study also 
highlights an important life course story as effects operate through a chain of risk with 
accumulation. Living in disadvantaged neighborhoods during adolescence and emerging 
adulthood has a negative impact on wealth at age 50, but these effects are mediated by 
subsequent neighborhood conditions. Neighborhood disadvantage during young and middle 
adulthood exerts direct effects on wealth at 50 with only part of the impact of neighborhood 
during young adulthood mediated by neighborhood during middle adulthood. This indicates that 
neighborhood conditions fairly early in the life course will play an important role in wealth 
accumulated much later. Therefore, it would be challenging to promote wealth accumulation and 
social mobility of low-wealth groups by focusing only on neighborhood conditions in adulthood. 
Chapter Three observes important, though highly variable, neighborhood effects on 
income. Increases in neighborhood disadvantage from adolescence to middle adulthood are 
negatively related to income among individuals at the top of the income distribution. This 
relationship is particularly strong for whites and males, and it only emerges once individuals 
reach their late thirties or forties. Among whites, individuals in the top decile of earnings 
experiencing a one standard deviation increase in cumulative neighborhood disadvantage would 
have their income drop by roughly $35,000. Social capital, especially in the form of job contacts, 
may be an important aspect of this relationship. Low-income individuals who used a personal 
contact to get a job early in the life course pay a wage penalty when living in disadvantaged 
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neighborhoods. This could result from potential contacts being unwilling to serve as references 
(Smith 2005; Smith 2010). In contrast, for high-income individuals, early use of a job contact 
protects against the wage penalty associated with neighborhood disadvantage. Early use of 
contacts predicts development of a larger network (Granovetter 1995), and such networks 
disproportionately benefit high-status, experienced, and well-paid workers (Elliott 2000; 
McDonald and Elder 2006; McDonald et al 2009). 
Chapter Four identifies strong relationships between neighborhood conditions and 
educational and behavioral outcomes, especially educational attainment. Cumulative 
neighborhood disadvantage has modest negative relationships with age-standardized reading and 
math achievement, a strong negative relationship with high school graduation odds, and a very 
strong negative relationship with college graduation odds. Neighborhood effects on attainment 
operate through a chain of risk with trigger. Living in disadvantaged neighborhoods in early 
childhood is negatively related to high school and college graduation odds through subsequent 
neighborhood conditions and their sequelae. The mechanisms for these neighborhood effects are 
not clear, but collective socialization and individuals’ behavioral and achievement outcomes do 
not seem to mediate the neighborhood-attainment relationship. Neighborhood effects on 
achievement and attainment are strongest for whites, particularly white males. For example, a 
one standard deviation increase in cumulative neighborhood disadvantage cuts white males’ odds 
of graduating from college in half. This effect seems likely to be causal as introducing family 
fixed effects using sibling pairs strengthens the estimated relationship. 
This study also finds that cumulative exposure to neighborhood collective efficacy is 
associated with an individual’s incidence of behavioral problems. Low levels of collective 
efficacy increase behavioral problems. Interestingly, although neighborhood collective efficacy 
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and economic disadvantage are correlated and predictive of each other over time (Sampson 
2012), this study finds that neighborhood economic disadvantage is unrelated to behavioral 
problems. There also is little heterogeneity in the relationship between collective efficacy and 
behavioral problems; collective efficacy is important for nonwhites and whites, men and women 
alike. Thus, there are important differences in the ways that neighborhoods affect educational 
and behavioral outcomes early in the life course. 
Returning to the areas highlighted for future research – pathways, mechanisms, and effect 
heterogeneity – each of the present studies studies provides important insights into these topics. 
There are clear life course pathways for neighborhood effects. Prior research suggests that 
neighborhood conditions have their strongest impacts several years after an individual resides in 
the neighborhood (Sampson et al 2008), and this dissertation indicates that the window for 
effects may be even longer. There are clear chains of risk across the life course, sometimes with 
a trigger and other times with accumulation (Kuh et al 2003). Neighborhood conditions during 
early childhood exert strong effects on high school and college graduation odds. Neighborhood 
conditions during adolescence and emerging adulthood are related to wealth accumulated at age 
50. These results suggest that the shadow cast by disadvantaged neighborhoods is long indeed 
(Alexander et al 2014). 
The mechanisms through which disadvantaged neighborhoods affect life chances varies 
by outcome and across the life course. Neighborhood social control and cohesion, the 
components of collective efficacy, help to curb children and adolescents’ behavioral problems. 
Access to social capital like job contacts seems to play a key role in the way that neighborhood 
disadvantage reduces earnings among adult white males at the top of the income distribution. 
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Neighborhood effects on wealth, on the other hand, are mediated largely through personal 
property values. 
These neighborhood effects do tend to vary across traditionally-important demographics 
like race, class, gender, and age. For example, because of the pronounced and long-standing 
levels of racial residential segregation in America (Du Bois 1899; Myrdal 1944; Massey and 
Denton 1993), whites are best positioned to capitalize on the wealth payoff to living in 
advantaged neighborhoods. Whites and males also disproportionately benefit with increases in 
academic achievement, educational attainment, and income as levels of neighborhood advantage 
increase. Much as it was when Massey and Denton (1993) published their seminal study, whites 
remain particularly privileged in the United States, and disparities in neighborhood conditions, as 
well as a unique ability to leverage advantaged neighborhoods, seem to be an important source of 
contemporary racial inequality. 
This dissertation also provides a stronger foundation than past research for concluding 
that estimated neighborhood effects are causal. Chapter Three includes individual fixed effects to 
control for unobserved, time-invariant individual-level factors affecting both selection into 
neighborhood and income. Chapter Four presents the first research to combine sibling fixed 
effects models with inverse-probability-of-treatment-weighted marginal structural models (IPTW 
MSMs) – the two methodological techniques at the forefront of research on neighborhood effects 
with observational data. The findings indicate that these specifications can change relationships 
in important ways (Chapter Three) and strengthen estimated effects (Chapter Four). This 
dissertation also represents the first analysis of neighborhood effects using IPTW MSMs with a 
continuous treatment variable, which offers greater precision in estimation. 
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Although the present studies make several advances upon previous research, they are not 
without their limitations. Most importantly, all studies rely on the untestable assumption that 
there is no unmeasured confounding. Only random assignment experiments can avoid this 
assumption, but as previous research documents, even experiments face their own challenges to 
estimating neighborhood effects (Chetty et al 2016; Clampet-Lundquist and Massey 2008; 
Sampson 2008; Sampson 2012). The assumption that selection bias does not explain the 
estimated effects is buoyed somewhat given that the present studies include all variables 
identified by previous research as major contributors to neighborhood attainment (Harding 2003; 
Quillian 2003; Sampson and Sharkey 2008; Wodtke et al 2011). Further, this dissertation goes 
beyond previous research by introducing individual fixed effects and sibling fixed effects to 
control for unobserved, time-invariant individual-level and family-level selection effects, 
respectively. 
A second limitation of this dissertation is its reliance on a single group of surveys: the 
National Longitudinal Surveys (NLS). Although this may bias results if the NLS samples do not 
reflect population-level relationships between neighborhood conditions and life chances, using 
the NLS does come with some advantages. Prior research on long-term neighborhood exposures 
tends to use the Panel Study of Income Dynamics (PSID). Confirming previous findings on a 
different sample is worthwhile. Moreover, the PSID suffers from higher rates of attrition and 
non-response compared to the NLSY (Census Bureau 1999; Solon 1992), and the PSID under-
sampled low-income households with especially detrimental consequences for its coverage of 
low-income black families (Lee and Solon 2009). The NLS also provides information on key 
mechanisms of neighborhood effects, such as collective efficacy and job contacts, that has not 
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been available to researchers using the PSID. Of course, additional research using other samples 
would be beneficial. 
A final limitation of this research is its operationalization of neighborhood context as an 
individual’s residential census tract. There is increasing movement in the literature on contextual 
effects to analyze neighborhoods as broader activity spaces through which individuals move 
throughout the day (Browning et al 2016). Presently, there is not sufficient data on activity 
spaces to analyze long-term neighborhood exposures. Thus, current researchers face a trade-off. 
Knowing that prolonged exposures are particularly salient, researchers can under-estimate 
neighborhood effects and miss important life course stories by analyzing activity spaces. 
Alternatively, researchers can leverage long-running panel surveys to avoid these problems but 
risk missing the broader context of the activity space. For this dissertation, I selected the latter. 
This is likely a superior strategy for outcomes like wealth that are particularly dependent on 
residential context. Other outcomes like income and academic achievement may be particularly 
dependent on activity space, though presumably long-term exposures would still matter most. 
Ultimately, any bias arising from the lack of data on activity spaces would likely under-estimate 
neighborhood effects and make the present results conservative.  
This dissertation has several implications for future research on neighborhoods. First, 
additional research on effect heterogeneity is needed. The present studies find that traditionally-
advantaged populations tend to benefit disproportionately from advantaged neighborhoods. For 
example, I observe that neighborhood effects on income and educational outcomes are strongest 
for whites. In addition, Chapter Three finds that high-income individuals are most likely to have 
their earnings reduced by neighborhood disadvantage. These results run counter to previous 
research. Two analyses of neighborhood effects on high school graduation find that black 
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adolescents and adolescents living in low-income families experience the strongest reduction in 
graduation odds from living in a disadvantaged neighborhood (Wodtke et al 2011; Wodtke et al 
2016). 
There are multiple reasons why traditionally-advantaged populations (e.g., whites, males, 
and high-income individuals) might experience stronger neighborhood effects. For instance, 
advantaged neighborhood conditions may not be sufficient to improve life chances. Individuals 
in advantaged groups possess a host of other resources that are positively related to wellbeing: 
cultural capital, financial capital, ability to invest in development and health, risk calculations 
that align with mobility-promoting investments like college, etcetera (Bourdieu 1984; Breen and 
Goldthorpe 1997; Lareau 2011; Jencks and Tach 2006; Reardon 2011). Moving disadvantaged 
populations into advantaged neighborhoods does little to ameliorate these other inequalities, 
which could dominate any neighborhood effects. This runs counter to the cumulative 
(dis)advantaged model of inequality (Dannefer 2003; DiPrete and Eirich 2006). Instead, it 
suggests that individuals from advantaged groups have the most to lose from living in 
disadvantaged neighborhoods.  
In addition, disadvantaged populations may face added stressors like discrimination when 
living in advantaged neighborhoods comprised primarily of demographically-dissimilar peers 
(Gee and Payne-Sturges 2004; Hunt et al 2007). These stressors can increase psychological 
distress and reduce overall health (Becares et al 2009; Pickett and Wilkinson 2008; Veling et al 
2008; Vogt Yuan 2007). Thus, much the same way that stereotype threat and minority status 
stress negatively affect nonwhites’ educational outcomes (Smedley et al 1993; Steele and 
Aronson 1995), the stress associated with demographic dissimilarity may diminish potential 
benefits of advantaged neighborhoods. These explanations are not exhaustive, and new research 
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focusing on heterogeneous effects should help clarify the divergence in findings between this 
dissertation and prior research. 
Second, integrating a life course perspective and examining pathways for neighborhood 
effects is worthwhile. Scholars have leveraged long-running panel surveys for groundbreaking 
research documenting how prolonged exposure to disadvantaged neighborhoods exerts a stronger 
impact on wellbeing than episodic exposure. Identifying when in the life course neighborhoods 
matter most, as well as the pathways through which neighborhoods have their effects, will be 
important next steps in translating this research into policy-relevant findings. The present 
findings identify chain-of-risk models as an especially fruitful ground for new research. 
Third, new studies analyzing how neighborhoods influence key outcomes later in the life 
course are necessary. This dissertation provides some of the first evidence that neighborhood 
disadvantage affects college completion and wealth accumulation, which are two of the strongest 
predictors of future life chances. Given their importance, identifying neighborhood effects on 
these outcomes should increase the salience of neighborhoods among researchers and 
policymakers. In fact, I find that neighborhood conditions have particularly outsized influence on 
these outcomes compared to other outcomes like academic achievement, behavioral problems, 
and income. Thus, college graduation and wealth are fruitful areas for further exploration. 
Fourth, additional research using fixed effects methods, especially leveraging sibling 
pairs, with IPTW MSMs is warranted. Fixed effects models permit stronger causal conclusions, 
and Chetty and Hendren (2016-a) find that a family fixed effects model can replicate the results 
of an experimental intervention. Chapter Four uses a Monte Carlo simulation to identify the 
appropriate method for combining family fixed effects with IPTW MSMs and provides guidance 
for future research implementing this model with a dichotomous treatment and an outcome 
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observed at the end of the study. Researchers could augment the present developments by 
developing a strategy to combine these methods when using continuous treatments or outcomes 
observed at multiple points in the study.  
In conclusion, this dissertation presents compelling evidence that neighborhoods exert 
strong, likely causal, influences on behavioral, educational, and economic outcomes across the 
life course. There are clear pathways of effects with neighborhood conditions at one life stage 
remaining important well into subsequent life stages. Moreover, although prior research tends to 
focus on the early life course (Ellen and Turner 1997; Sharkey and Faber 2014), disadvantaged 
neighborhoods exact a heavy toll on wellbeing in the adult life course as well. As a result, 
neighborhoods will remain a prominent feature of the American stratification system well into 
the future.
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APPENDIX A: ACCURACY OF FIRST-STAGE NEIGHBORHOOD SELECTION 
MODEL 
For each stage of the life course, Table A1 reports the mean difference between the 
observed decile of neighborhood disadvantage and the predicted decile of disadvantage for each 
stage of the life course. In addition, for the first multiply imputed dataset, the table reports the 
number of deciles by which the predicted neighborhood disadvantage decile missed the observed 
`neighborhood disadvantage decile for each observation. 
 
Table A1. First-Stage Model Fit Statistics a 
 
Adolescence Emerging 
Adulthood 
Young 
Adulthood 
Middle 
Adulthood 
Number of deciles missed b     
0 3,390 2,060 2,680 3,180 
1 2,200 2,340 2,560 2,630 
2 890 1,290 1,090 790 
3 450 730 510 360 
4 200 450 230 160 
5 80 230 150 110 
6 60 110 60 50 
7 20 50 20 20 
8 10 20 10 10 
9 0 10 0 0 
Total ~N 7,300 7,300 7,300 7,300 
     
Difference between predicted 
and observed decile c 
   
 
Mean -0.023 -0.044 -0.022 -0.015 
Standard Deviation 1.621 2.187 1.766 1.557 
      a All cell sizes rounded to the nearest 10. 
      b This is reported for the first imputed data set only. 
      c Mean and standard deviation are combined using Rubin’s rules across 50 imputed data sets.
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APPENDIX B: SUMMARY OF DATA MISSINGNESS 
 
Table B1. Count of Observations by Number of Variables Missing Data a 
 ~N Percent 
Number of missing variables   
0 missing 770 10.5% 
1-2 missing 1,820 24.9% 
3-5 missing 1,620 22.2% 
6-10 missing 1520 20.8% 
11-15 missing 910 12.5% 
16-20 missing 410 5.6% 
21-54 missing 250 3.4% 
Total 7,300 100% 
           a All cell sizes rounded to the nearest 10. 
 
 
Table B2. Count of Observations Missing Data by Variable a, b 
 
           Adolescence     Emerging 
    Adulthood 
   Young 
   Adulthood 
   Middle 
   Adulthood 
Focal Variables         
Family wealth (2012)       150 2.1% 
NH disadvantage 1,720 23.6% 1,160 15.9% 240 3.3% 120 1.6% 
         
Time-Invariant Controls         
Race 0 0.0%       
Sex 0 0.0%       
Immigrant generation 10 0.1%       
Foreign lang. in home 0 0.0%       
Parent education 290 4.0%       
Parent job skill 1,130 15.5%       
Child family structure 680 9.3%       
         
Time-Varying Controls         
NH disadvantage (lag) 1,790 24.5% 1,590 21.8% 450 6.2% 390 5.3% 
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Educ. attainment (R) 80 1.1% 250 3.4% 810 11.1% 1,400 19.2% 
Family size 0 0.0% 30 0.4% 70 1.0% 330 4.5% 
Home ownership 60 0.8% 30 0.4% 80 1.1% 560 7.7% 
Income:needs ratio 1,540 21.1% 240 3.3% 380 5.2% 1,050 14.4% 
Public assistance 0 0.0% 0 0.0% 0 0.0% 20 0.3% 
Number of jobs (H) 3,200 43.8% 540 7.4% 600 8.2% 980 13.4% 
Weeks worked (H) 0 0.0% 30 0.4% 70 1.0% 320 4.4% 
Hours worked (H) 2,590 35.5% 580 7.9% 640 8.8% 1,060 14.5% 
Armed Forces (H) 0 0.0% 30 0.4% 70 1.0% 340 4.7% 
Moved recently 1,750 24.0% 750 10.3% 500 6.8% 540 7.4% 
NH home val. (med.) 1,650 22.6% 1,140 15.6% 240 3.3% 130 1.8% 
NH home val. (∆) 1,690 23.2% 1,800 24.7% 240 3.3% 130 1.8% 
Personal home value   80 1.1% 120 1.6% 350 4.8% 
Area segregation 1,650 22.6% 1,480 20.3% 690 9.5% 590 8.1% 
NH diversity 1,650 22.6% 1,140 15.6% 240 3.3% 120 1.6% 
         
Total ~N 7,300  7,300  7,300  7,300  
            a All cell sizes rounded to the nearest 10. 
     b R denotes a variable referring to the survey respondent. H denotes a variable referring to the head of the respondent’s 
household. 
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APPENDIX C: MODEL SENSITIVITY TO DIFFERENT ESTIMATION STRATEGIES FOR MISSING DATA 
 
Table C1. Re-Estimating Key Models with Different Imputation Strategies 
 Table 2.2 Model 4  Table 2.2 Model 8 
 MI MID SI CC  MI MID SI CC 
          
Hispanic -50,496 -53,002 -54,495 106,867  -63,681 -64,565 -61,070 91,134 
 [44,723] [45,336] [45,053] [94,792]  [44,443] [45,017] [44,101] [101,863] 
Black -19,352 -17,643 -23,292 668  -49,422* -47,870* -52,860** -20,412 
 [18,796] [18,955] [18,271] [57,166]  [19,861] [20,037] [19,290] [62,541] 
ND (cu) -89,602*** -90,296*** -90,790*** -114,648***      
 [7,955] [8,047] [7,478] [22,514]      
ND (ad)      11,175 11,015 14,192† -16,698 
      [7,907] [8,005] [7,925] [38,004] 
ND (ema)      4,288 4,432 1,509 8,333 
      [6,837] [6,924] [6,253] [24,328] 
ND (ya)      -47,968*** -47,638*** -51,358*** -59,471** 
      [8,444] [8,550] [8,457] [20,520] 
ND (ma)      -65,128*** -66,322*** -62,870*** -49,508† 
      [8,345] [8,403] [8,154] [26,583] 
Constant 376,576*** 379,570*** 378,120*** 274,809**  301,416*** 302,997*** 298,552*** 234,123* 
 [51,142] [51,863] [51,135] [92,904]  [50,302] [51,069] [49,668] [102,091] 
TI cont.    x    x    x    x     x    x    x    x 
TV cont.          
IPTWs    x    x    x    x     x    x    x    x 
~N 7,300 7,150 7,300 790  7,300 7,150 7,300 790 
† p<0.10 * p<0.05 ** p<0.01 *** p<0.001 
a MI refers to multiple imputation (preferred strategy used in text). MID is multiple imputation with deletion of observations missing 
on the dependent variable. SI is single imputation. CC is complete case analysis (listwise deletion). 
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APPENDIX D: MONTE CARLO SIMULATION OF FAMILY FIXED EFFECTS WITH 
INVERSE PROBABILITY OF TREATMENT WEIGHTED MARGINAL 
STRUCTURAL MODELS 
 
To test how to implement family fixed effects with inverse-probability-of-treatment-
weighted (IPTW) marginal structural models (MSMs), I simulate data for fifty-thousand families 
with exactly two children. Families are observed over four time periods with each child present 
in exactly three periods. The older sibling (A) is present in the first three periods (0-2), and the 
younger sibling (B) is present in the latter three periods (1-3). In the data set, !"#$ is a normally 
distributed end-of-study outcome, %"#$ are observed family-level time-varying binary treatments, &"#$ are observed family-level time-varying covariates, '"#$ are unobserved family-level time-
varying covariates, (" is an unobserved time-invariant family-level covariate, and )"#$* are 
unobserved family-level time-varying confounders. +* are random numbers ranging from zero to 
one. ,"#$ is an individual-level normally-distributed random number with a mean of zero and 
standard deviation of three. I define the parameters as follows where the subscripts j, i, and t 
reflect family, individual, and time, respectively: 
(" = 1	|	+1 > 0.50	|	+1 ≤ 0.5 
%"7 = 1	|	(0.4 + 0.2 ∗ (") > +>0	|	(0.4 + 0.2 ∗ (") ≤ +> 
'"1 = 1	|	+? > 0.50	|	+? ≤ 0.5 &"1 = 1	|	+@ > 0.50	|	+@ ≤ 0.5 
%"1 = 1	|	(0.1 + 0.2 ∗ %"7 + 0.2 ∗ '"1 + 0.2 ∗ &"1 + 0.2 ∗ (") > +A0	|	(0.1 + 0.2 ∗ %"7 + 0.2 ∗ '"1 + 0.2 ∗ &"1 + 0.2 ∗ (") ≤ +A 
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'"> = 1	|	(0.2 + 0.2 ∗ '"1 + 0.2 ∗ %"1 + 0.2 ∗ )"1B) > +C0	|	(0.2 + 0.2 ∗ '"1 + 0.2 ∗ %"1 + 0.2 ∗ )"1B) ≤ +C 
&"> = 1	|	(0.2 + 0.2 ∗ &"1 + 0.2 ∗ %"1 + 0.2 ∗ )"1D) > +E0	|	(0.2 + 0.2 ∗ &"1 + 0.2 ∗ %"1 + 0.2 ∗ )"1D) ≤ +E 
%"> = 1	|	(0.1 + 0.2 ∗ %"1 + 0.2 ∗ '"> + 0.2 ∗ &"> + 0.2 ∗ (") > +F0	|	(0.1 + 0.2 ∗ %"1 + 0.2 ∗ '"> + 0.2 ∗ &"> + 0.2 ∗ (") ≤ +F 
'"? = 1	|	(0.2 + 0.2 ∗ '"> + 0.2 ∗ %"> + 0.2 ∗ )">G) > +H0	|	(0.2 + 0.2 ∗ '"> + 0.2 ∗ %"> + 0.2 ∗ )">G) ≤ +H 
&"? = 1	|	(0.2 + 0.2 ∗ &"> + 0.2 ∗ %"> + 0.2 ∗ )">I) > +170	|	(0.2 + 0.2 ∗ &"> + 0.2 ∗ %"> + 0.2 ∗ )">I) ≤ +17 
%"? = 1	|	(0.1 + 0.2 ∗ %"> + 0.2 ∗ '"? + 0.2 ∗ &"? + 0.2 ∗ (") > +110	|	(0.1 + 0.2 ∗ %"> + 0.2 ∗ '"? + 0.2 ∗ &"? + 0.2 ∗ (") ≤ +11 !"J> = 0.5 + )"1B + )"1D + (" + '"1 + '"> − 1 + &"1 + &"> − 1 + %"1 + %"> + (3 ∗ ,"#$) !"M? = 0.5 + )"1B + )"1D + )"1G + )"1I + (" + '"> + '"? − 1 + &"> + &"? − 1 + %"> + %"?+ (3 ∗ ,"#$) 
Given these parameters, unbiased estimates of the effects of individuals’ second and third 
treatments (A) on their outcomes (Y) would be one for both treatments. Alternatively, if 
treatments are cumulated (
JNOPJNQ>  for sibling A) the parameter estimate would be two. 
As described in the body of this chapter, I use IPTWs with MSMs to adjust time-varying 
confounding without inducing collider-stratification bias or over-controlling. For these models, I 
align the time variable between the two siblings such that t=0 represents the baseline wave for 
both siblings, t=1 represents their first treatment wave, and t=2 represents their second treatment 
wave, as well as the outcome wave. Calculating IPTWs without family fixed effects, I would 
estimate the following (stage one) model: 
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RS = TU(%$ = V$|%$W1, %7, )TU(%$ = V$|%$W1, %7, &$)Y$Z1  
where %7 represents baseline treatment for individuals. I then estimate an IPTW MSM (stage two 
model) of the treatment effects as: 
!"#$ = %"$YZ$YZ$W12 + %7 + ["#$ 
Of course, if there are unobserved family-level confounders, these treatment effect 
estimates will be biased. Family fixed effects models would prove useful for such a situation, but 
researchers have yet to use family fixed effects with IPTW MSMs. Thus, I test seven different 
ways to operationalize family fixed effects with IPTW MSMs. It is important to note that there 
are two ways to format data for estimating family fixed effects models. Using Stata, the first 
maintains a separate row for each sibling and estimates fixed effects using either the xtreg 
program with the fe option or a de-meaning procedure19 within families. I refer to this method 
simply as family fixed effects. The second reshapes data so that siblings are on the same row and 
differences the values of variables between siblings as the illustrative example below does: 
!"J$ − !"M$ 	= 	 %"J$YZ$YZ$W12 − %"M$YZ$YZ$W12  
I refer to this method as sibling-differenced fixed effects. Prior to testing the different ways to 
operationalize fixed effects, I estimate a baseline naïve model (Model 0) without fixed effects or 
IPTW: 
!"#$ = %"$YZ$YZ$W12 + %7 + &"$YZ$YZ$W12 + ["#$ 
																																																						
19 This de-meaning procedure is necessary in stage-two MSMs that use IPTWs because IPTWs differ within family, 
and the xtreg program with the fe option does not allow weights to vary within the fixed effects groups. De-meaning 
and xtreg, fe result in essentially the same calculations. 
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This model does not control for unobserved family effects, and it potentially induces bias by 
over-controlling or creating collider-stratification. Unless otherwise noted, all stage 1 and stage 2 
models use an OLS estimator. The seven models implementing family fixed effects proceed as 
follows: 
• Model 1: adds family fixed effects at stage 2 to Model 0  
• Model 2: uses IPTW (drops &"$ from stage 2) and uses sibling-differenced fixed effects at 
stage 2. No fixed effects for stage 1 models.20 
• Model 3: adds family fixed effects at stage 1 to Model 2.21 
• Model 4: re-estimates Model 3 using family fixed effects at stage 2 instead of using 
sibling-differenced fixed effects. 
• Model 5: re-estimates Model 4 with modified IPTWs calculated as \]^SJ ∗ \]^SMQ  
• Model 6: re-estimates Model 4 with family-level random effects at stage 1 instead of  
family fixed effects. 
• Model 7: re-estimates Model 4 using a family fixed effects logit at stage 1. 
I analyze how well each of these strategies implements fixed effects with IPTW MSMs 
using one-thousand replications of the above data generating process to conduct a Monte Carlo 
experiment. Table D1 reports the mean, standard error, and 90 percent confidence interval for 
treatment effects. Not surprisingly, the naïve model (Model 0) over-estimates the treatment 
effect. What is more surprising, perhaps, is that Models 1-3 significantly under-estimate the 
treatment effect. It is also worth noting that variance of the estimated treatment effect is much 
																																																						
20 In Models 0-1, observations (rows) in the Stata data file are individuals or sibling-pairs. In the first, stage model 
estimating IPTWs, I reshape the data so that observations are person-years. Each person has three observed time 
periods and thus appears as three rows of data. 
 
21 I use Stata’s areg command to estimate family fixed effects since family is the third level of the model. Areg 
produces the same estimates as xtreg. 
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higher in models using family fixed effects. Despite the greater variance, Model 4 provides a 
plausibly valid strategy for combining family fixed effects with IPTW MSMs that does not 
produce a significant under-estimate of the treatment effect. Combining the sibling IPTWs in the 
fashion of Model 5 does not produce a substantive improvement in estimates over Model 4. 
Given that the combined weights could risk incorrectly controlling for individual-level 
covariates, Model 4 seems preferable. The random effect estimator in stage 1 (Model 6) yields a 
slightly inferior estimate compared to the fixed effects estimator. Finally, using a fixed effects 
logit estimator at stage 1, Model 7 yields an inferior effect estimate despite the binary treatment 
variable. This may result from well-known challenges related to fixed effects models with logit 
estimators (Coupe 2005; Greene 2004; Katz 2001). Thus, I use the approach described in Model 
4 to estimate family fixed effects models for the present study of neighborhood effects during 
childhood. For illustrative purposes, I present the Stata code generating the data and 
implementing Model 4 in Figure D1 below. 
 
Table D1. Monte Carlo Simulation for Coefficients of Cumulative Treatment: 
JN_`a_`a_bO>  
 c SE 5th percentile 95th percentile 
Model 0 3.034 0.027 2.989 3.079 
Model 1 1.673 0.068 1.560 1.787 
Model 2 1.724 0.077 1.601 1.852 
Model 3 1.798 0.071 1.679 1.915 
Model 4 1.941 0.069 1.826 2.054 
Model 5 1.943 0.069 1.828 2.056 
Model 6 1.900 0.070 1.785 2.016 
Model 7 1.811 0.068 1.698 1.928 
 
 
 
Figure D1. Stata Code for Data Generating Process and Model 4 
 
*Clean Data Set* 
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set obs 100000 
gen id=_n 
gen fam=id if id<50001 
replace fam=id-50000 if id>50000 
bys fam: gen sibn=_n 
save clean.dta, replace 
 
program define fixed4, rclass 
 
use clean.dta, clear 
 
*Unobserved confounders 
gen v1=runiform() //if sibn==1 
gen v2=runiform() //if sibn==1 
gen v3=runiform() //if sibn==2 
gen v4=runiform() //if sibn==2 
 
*Family Fixed Effect 
gen tmp0=runiform() if sibn==1 
egen tmp=mean(tmp0), by(fam) 
replace tmp0=tmp 
drop tmp 
gen u7=tmp0>0.5 
drop tmp* 
 
*Data for Sibling 1 
*True Baseline of Treatment 
gen a0=0.4+0.2*u7>runiform() if sibn==1 
*Time Period 1 
gen u1=0.5>runiform() if sibn==1 
gen c1=0.5>runiform() if sibn==1 
gen a1=0.1+0.2*u7+0.2*u1+0.2*c1+0.2*a0>=runiform() if sibn==1 
*Time Period 2 
gen u2=0.2+0.2*u1+0.2*a1+0.2*v1>runiform() if sibn==1 
gen c2=0.2+0.2*c1+0.2*a1+0.2*v2>runiform() if sibn==1 
gen a2=0.1+0.2*u7+0.2*u2+0.2*c2+0.2*a1>=runiform() if sibn==1 
 
*Assigning Data for Siblings 2 & 3 Based on Sibling 1 Data 
egen tmp1=mean(a1), by(fam) 
replace a0=tmp1 if sibn==2 
drop tmp1 
egen tmp2=mean(u2), by(fam) 
egen tmp5=mean(c2), by(fam) 
replace u1=tmp2 if sibn==2 
replace c1=tmp5 if sibn==2 
drop tmp2 tmp5 
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egen tmp2=mean(a2), by(fam) 
replace a1=tmp2 if sibn==2 
drop tmp2 
 
*Data for Sibling 2 
*Time Period 2 
replace u2=0.2+0.2*u1+0.2*a1+0.2*v3>runiform() if sibn==2 
replace c2=0.2+0.2*c1+0.2*a1+0.2*v4>runiform() if sibn==2 
replace a2=0.1+0.2*u7+0.2*u2+0.2*c2+0.2*a1>=runiform() if sibn==2 
 
gen y=(1+v1+v2)+1*(u1-0.5)+1*(u2-0.5)+1*(c1-0.5)+a1+1*(c2-0.5)+a2+1*(u7-0.5)/* 
 */+3*invnorm(uniform()) if sibn==1 
replace y=(0+v1+v2+v3+v4+a0)+1*(u1-0.5)+1*(u2-0.5)+1*(c1-0.5)+a1+1*(c2-0.5)+a2/* 
 */+1*(u7-0.5)+3*invnorm(uniform()) if sibn==2 
  
*Imperfect Information - Long-Shape Regression; Sibling Fixed Effects in Both 
drop id u7 
gen idn=sibn*100000+fam 
reshape long a c u, i(idn) j(time) 
gen tmp=a if time==0 
egen a_base=mean(tmp), by(idn) 
drop tmp 
xtset idn time 
sort idn time 
areg a l.a a_base if time>0, a(fam) 
predict num, xb 
replace num=a*num+(1-a)*(1-num) 
sort idn time 
areg a l.a c a_base if time>0, a(fam) 
predict den, xb 
replace den=a*den+(1-a)*(1-den) 
gen iptw=num/den 
drop num den 
bys idn (time): gen iptw_cu=exp(sum(ln(iptw))) 
replace iptw_cu=. if time==0 
reshape wide a c u iptw iptw_cu, i(idn) j(time) 
drop idn u0 c0 iptw0 iptw_cu0 v* 
gen a_cu=(a1+a2)/2 
egen tmp1=mean(y), by(fam) 
egen tmp2=mean(a_cu), by(fam) 
egen tmp3=mean(a0), by(fam) 
replace y=y-tmp1 
replace a_cu=a_cu-tmp2 
replace a0=a0-tmp3 
drop tmp* 
reg y a_cu a0 [pw=iptw_cu2] 
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 mat tmp=e(b) 
 return scalar a_cu4=el(tmp,1,1) 
 return scalar a_base4=el(tmp,1,2) 
end 
 
simulate a_cu4=el(tmp,1,1) a_base4=el(tmp,1,2), reps(1000) seed(94606657): fixed4 
*************************************** 
*******Results from Simulation Fixed 4****** 
sum a_cu4 a_base4, det 
***************************************  
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